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Chapter 1

Introduction
The standard cosmological model starts with Big Bang, followed by a rapid period of expansion of the universe called inflation. After that, tiny almost homogeneous fluctuations that
conform the primordial universe, start to grow while universe expands now in a relatively
slow rhythm. 300,000 years after the Big Bang, the temperature is low enough to make the
universe become neutral after the recombination of atoms with electrons. Photons are almost
free of interactions since then and reach us in the form of a Cosmic Microwave Background
(CMB). We can measure the spatial anisotropy spectrum of CMB temperatures and compare it to the expected spectrum of acoustic oscillations. This comparison provides a direct
geometrical test from which we can deduce that universe is flat or nearly flat. This can be explained if we introduce a new constituent in the universe apart from matter, the dark energy.
Dark energy acts as anti-gravity that accelerates the expansion and is also observed through
standard candles Supernovae Ia. Although there is a well motivated model that can explain
observations, neither dark matter nor dark energy are known elements, so it is important to
use the large amount of newly available data to obtain tighter constraints on the constituents
of the universe, the evolution of growth perturbations, the expansion history, and also other
alternatives, such as modification of gravity at large scales.
The cosmic expansion history tests the dynamics of the global evolution of the universe
and its energy density contents, while the cosmic growth history tests the evolution of the
inhomogeneous part of the energy density. By comparing both histories, we can distinguish
the nature of the physics responsible of the acceleration of the universe: dark energy or modified gravity. Most of the observational evidence for the accelerating universe comes from
geometrical tests that measure directly H(z) = ȧ/a, the expansion rate of the universe, such
as measurements of the luminosity distance using standard candles (Sn Ia) or measurements
of the angular distance using standard rulers as baryonic acoustic oscillations. Observations
of the cosmic expansion history alone can not distinguish dark energy from modified gravity,
since the expansion history H(z) can be reproduced by any modified gravity model, by changing the energy equation of state w. The additional observational input that is required is the
growth function δ(z) = δρ
ρ (z) of the linear matter density contrast as a function of redshift
(usually used as the normalized growth function D(z) = δ(z)/δ(0)) (see Chapter 8.6).
In the first part of the thesis, we study the Integrated Sachs-Wolfe effect (ISW), through the
cross-correlation between large scale clustering, traced by galaxies (in our case from the catalog SDSS) and primordial temperature fluctuations from CMB (using the catalog WMAP).
Photons that come from the last scattering surface can be red or blue shifted by the time evolution of fluctuations in the gravitational potentials created by large scale structures, which
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are traced by the large scale galaxy distribution. The ISW effect gives us information about
dark energy (DE), because DE modifies the evolution of dark matter gravitational potential.
There is no ISW effect in a flat universe without DE (ie in the Einstein-de-Sitter universe)
because in this case the gravitational potential remains constant (in the linear regime, which
corresponds to large angular scales). In principle, the ISW effect can probe dark energy independently from other observations, such as Supernovae Ia.
The correlation between galaxies in redshift space can also be used to study the evolution of
the dark matter gravitational potential in a way that is complementary to the cross-correlation
of galaxies with CMB photons. In the second part of the thesis, we will study this effect in the
luminous red galaxies of the SDSS. These galaxies trace very large volumes which is important
to have more signal, and they have a known evolution which make easy to work with them.
Finally, the third part of the thesis is a summary in catalan, an official language of the
University of Barcelona.

Part I

Structure formation through
cross-correlating sky maps

Chapter 2

The Integrated Sachs-Wolfe effect
In this chapter we present the Integrated Sachs-Wolfe effect and how we can detect it
through the cross-correlation of CMB temperature fluctuations with number density fluctuations in large scale structure. We explain also the prediction in configuration space obtained
from harmonic space prediction.

2.1

Integrated Sachs-Wolfe effect introduction

The temperature of CMB photons can be influenced by any field which couples to photons.
The dominant effects of these fields occur at the surface of last scattering, but there are also
secondary effects in the way of the photons from CMB to us. The Integrated Sachs-Wolfe
effect (ISW) is a net gravitational blue shifting (or red shifting) when photons from CMB fall
into a deep potential valley gaining some energy (blueshift) and climb back out of a shallow
potential (redshift). Or the reverse way. This effect happens when there is an evolving gravitational potential, either because the universe is flat or because there is a component of dark
energy. In a flat universe ΛCDM , the late ISW effect tells us about the time that matter
ceases to dominate (early ISW happens around the time radiation ceases to dominate). These
secondary temperature anisotropies are therefore correlated with local, evolving, structures
on large scales. For a universe without dark energy (Einstein-de-Sitter cosmology) there is
no cross-correlation signal because the gravitational potential remains constant, despite the
linear growth of matter fluctuations. The correlation is negative when the structures grow
faster than in the Einstein-de-Sitter cosmology, because the increasing potential redshifts photons and leaves a cold spot in the CMB sky. Otherwise the correlation is positive. The ISW
effect is expected to produce an increase of power (a bump) in the amplitude of the CMB
fluctuations at the largest scales, ie lower order multipoles, which are dominated by cosmic
variance. At small scales photons pass through so many potentials wells that there is an
almost net cancellation in the gravitational redshift. This expectation, seems challenged by
observations, as the first year WMAP results (WMAP1) confirmed the low amplitude of the
CMB quadrupole first measured by COBE (Hinshaw et al. 2003). The discrepancy between
the observations and the ΛCDM model is particularly evident in the temperature angular
correlation function w2 (θ), which shows an almost complete lack of signal on angular scales
> 60 degrees. According to Spergel et al. (2007), the probability of finding such a result in a
θ∼
spatially-flat ΛCDM cosmology is about 1.5 × 10−3 . This was questioned in Gaztañaga et al.
(2003) who found, using simulated ΛCDM WMAP maps, a much lower significance (less than
2-sigma) for w2 (θ). A low significance was also estimated by different studies (eg Efstathiou
2003, de Oliveira-Costa et al. 2004), although a discrepancy larger than 3-sigma still remains
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on both the quadrupole-octopole alignment (Tegmark et al. 2003, de Oliveira-Costa et al.
2004) and the WMAP observed high value of the temperature-polarization cross-correlation
on large scales (Doré et al. 2004).
Given the observed anomalies on the ISW predictions, it is of particular interest to check
if the ISW effect can be detected observationally through an independent test, such as the
cross-correlation of temperature fluctuations with local tracers of the gravitational potential
(Crittenden & Turok 1996). A positive cross-correlation between WMAP1 and galaxy samples
from the Sloan Digital Sky Survey (SDSS) was first found by Fosalba et al. (2003) (FGC03
from now on) and Scranton et al. (2003). FGC03 used the 1yr WMAP data (WMAP1) and
the SDSS data release 1 (SDSS1). WMAP1 has also been correlated with the APM galaxies
(Fosalba & Gaztañaga 2004), infrared galaxies (Afshordi et al. 2004), radio galaxies (Nolta
et al. 2004), the hard X-ray background (Boughn & Crittenden 2004a,b) and luminous red
galaxies (Padmanabhan et al. 2005). The significance of these cross-correlations measurements
was low (about 2-3 σ, see Gaztañaga et al. (2006) for a summary and joint analysis), and
many scientists are still skeptical of the reality of these detections. A higher significance is
found in Chapter 6 when cross-correlating WMAP3 with SDSS data release 4. Giannantonio
et al. 2006 has correlated WMAP3 with a photometric selection of SDSS quasars and have
done a new compilation with the new detections, where one can see that the best fit WMAP
ΛCDM flat model is consistent with data from ISW effect, but with a tendency to higher
ΩΛ values, which has to be well understood. The WMAP3 temperature fluctuations has also
been correlated with 2MASS by Rassat et al. (2007) Giannantonio et al. (2008) have done a
combined analysis of the Integrated Sachs-Wolfe effect after this work was done.

2.2

Cross-correlation in configuration space from harmonic
space

One way to detect the ISW effect is to cross-correlate temperature fluctuations with galaxy
density fluctuations projected on the sky (Crittenden & Turok 1996). When photons coming from last scattering surface CMB pass through gravitational potentials created by large
scale structure, they modify the temperature through the following equation, given by ISW
temperature anisotropies (Sachs & Wolfe 1967):
Z
Z
d
dΦ
T (n̂) − T0
ISW
= − dz (Φ − Ψ) = −2 dz
(n̂, z)
(2.1)
△T (n̂) ≡
T0
dz
dz
where Φ and Ψ are the Newtonian gravitational potentials (Φ = −Ψ for non anisotropic stress)
and we suppose and instantaneous reionization with τ = ∞ before the reionization redshift
and τ = 0 after that.
ISW (n̂ )δ (n̂ ) > of CMB
We want to calculate the cross-correlation wTISW
1 G 2
G (θ) = < △T
temperature with large scale structure, which is useful to expand in a Legendre polynomial
basis. On large linear scales and small angular separations it is:
wTISW
G (θ) =

X 2ℓ + 1
ℓ

4π

ISW
pℓ (cos θ) CGT
(ℓ)

(2.2)

Let’s suppose that we have two fields A(~x) and B(~x) in 3D which we want to project on
the sky to calculate the correlation between them. We define their Fourier transforms as
Z
Z
~
3
−i~k.~
x
~
~
A(k) = d ~x e
A(~x), B(k) = d3 ~x e−ik.~x B(~x).
(2.3)

2.2 Cross-correlation in configuration space from harmonic space
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The cross-correlation power spectrum, PAB (k) is defined by
hA~k1 B~k2 i = (2π)3 δ3 (~k1 − ~k2 )PAB (k1 ).

(2.4)

The projections of A and B on the sky are defined using FA and FB projection kernels
Z
Z
Ã(n̂) =
dr FA (r)A(rn̂), and B̃(n̂) =
dr FB (r)B(rn̂).
(2.5)
For the projected galaxy overdensity, this kernel is
Fg (r) = R

r 2 φ(r)
.
dr ′ r ′ 2 φ(r ′ )

(2.6)

where φ(r) is the survey galaxy selection function and r(z) is the comoving distance.
Now, expanding Ã and B̃ in terms of spherical harmonics, the cross-power spectrum,
CAB (ℓ) is defined as

=

R

R

∗ i
CAB (ℓ) ≡ hÃℓm B̃ℓm
R
= dr1 dr2 FA (r1 )FB (r2 )×

d3~k
∗ (k̂)
P (k)(4π)2 jℓ (kr1 )jℓ (kr2 )Yℓm (k̂)Yℓm
(2π)3 AB

dr1 dr2 FA (r1 )FB (r2 )

R

2k 2 dk
π jℓ (kr1 )jℓ (kr2 )PAB (k),

(2.7)

where jℓ ’s are the spherical Bessel functions of rank ℓ and Yℓm ’s are the spherical harmonics.
We have used the Rayleigh expansion for a plane wave with Bessel functions,
~

eik.~x = 4π

X

∗
(k̂)Yℓm (n̂)
iℓ jℓ (kr)Yℓm

(2.8)

ℓ,m

and also Eq.(2.3), Eq.(2.4) and Eq.(2.5). To proceed further, we use the small angle (large
ℓ) approximation for the spherical Bessel functions
r
1
π
[δDirac (ℓ + − x) + O(ℓ−2 )],
(2.9)
jℓ (x) =
2ℓ + 1
2
which yields
CAB (ℓ) =

Z

dr
FA (r)FB (r)PAB
r2



ℓ + 1/2
r



· [1 + O(ℓ−2 )].

(2.10)

This is the so called Limber equation, with an error that decreases as ℓ−2 , inaccurate for small
multipoles. However, the sum in Eq.(12.3) begins from ℓ = 2 because the monopole (ℓ = 0)
and dipole (ℓ = 1) have been removed from WMAP temperature fluctuations map, so we can
consider this one a good approximation.
We can relate the power spectrum of the cross-correlation to the auto-power spectrum
P (k)
< δk δk′ >= (2π)3 δD (~k − k~′ )P (k)

(2.11)

using the Poisson equation for the gravitational potential in temperature fluctuations,
∆2 φ = 4πGa2 δρ(x)

(2.12)
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and his Fourier transform
φ(k) = −

3 ΩM H02
4πG ρm
δ(k,
z)
=
−
δ(k, z)
a k2
2 a k2

(2.13)

For the overdensity in large scale structure fluctuations, we assume a constant galaxy bias,
bg , which relates the galaxy fluctuations, δg , to the overall matter density fluctuations δm
δg = bg δm

(2.14)

and we arrive to the following equations

ISW
CGT
(ℓ) =

4
(2ℓ + 1)2

Z

dz WISW (z)WG (z)

H(z)
P (k)
c

d[D(z)/a]
dz
WG (z) = b(z)φG (z)D(z),

WISW (z) = 3Ωm (H0 /c)2

(2.15)

where k = ℓ+1/2
r , φG (z) is the survey galaxy selection function, r(z) is the comoving
distance, b(z) is the galaxy bias at a redshift z, D(z) the lineal growth function which relates
the overdensity at a redshift z to the one at redshift 0, normalized to unity at present, δ(k, z) =
D(z)δ(k, 0). The Hubble equation: H(z)2 /H02 = ΩM (1 + z)3 + ΩΛ (1 + z)3(1+w) relates the
comoving distance with the redshift (in our case we consider a flat universe and dark energy
models with an effective equation of state w = p/ρ). This is just a Legendre decomposition
of the equations presented in Fosalba & Gaztañaga (2004), see also Afshordi (2004). The
advantage of this formulation is that we can here set the monopole (ℓ = 0) and dipole (ℓ = 1)
contribution to zero, as it is done in the WMAP maps. The contribution of the monopole
and dipole to wT G is significant and over predicts wT G by about 10%. The power spectrum
is P (k) = A kns T 2 (k), where T (k) is the ΛCDM transfer function, which we evaluate using
the fitting formula of Eisenstein & Hu (1998).

2.3

How to obtain cross-correlation in real data

We define the cross-correlation function as the expectation value of density fluctuations
δG = NG / < NG > −1 and temperature anisotropies ∆T = T − T0 (in µK) at two angular
positions n̂1 and n̂2 in the sky: wT G (θ) ≡ h∆T (n̂1 )δG (n̂2 )i, where θ = |n̂2 − n̂1 |, assuming
that the distribution is statistically isotropic. To estimate wT G (θ) from the pixel maps we
use:
P
i,j ∆T (n̂i ) δG (n̂j ) wi wj
P
,
(2.16)
wT G (θ) =
i,j wi wj

where the sum extends to all pairs i, j separated by θ ± ∆θ. The weights wi can be used
to minimize the variance when the pixel noise is not uniform, however this introduces larger
cosmic variance. Here we follow the WMAP team and use uniform weights (i.e. wi = 1).

Chapter 3

Errors analysis in the
cross-correlation
Constraining cosmological parameters from measurements of the Integrated Sachs-Wolfe
effect requires developing robust and accurate methods for computing statistical errors in the
cross-correlation between maps. This chapter presents a detailed comparison of such error
estimation applied to the case of cross-correlation of Cosmic Microwave Background (CMB)
and large-scale structure data. We compare theoretical models for error estimation with
Monte Carlo simulations where both the galaxy and the CMB maps vary around a fiducial
auto-correlation and cross-correlation model which agrees well with the current concordance
ΛCDM cosmology. Our analysis compares estimators both in harmonic and configuration (or
real) space, quantifies the accuracy of the error analysis and discuss the impact of partial sky
survey area and the choice of input fiducial model on dark-energy constraints. We show that
purely analytic approaches yield accurate errors even in surveys that cover only 10% of the sky
and that parameter constraints strongly depend on the fiducial model employed. Alternatively,
we discuss the advantages and limitations of error estimators that can be directly applied to
data. In particular, we show that errors and covariances from the jackknife method agree well
with the theoretical approaches and simulations. We also introduce a novel method in real
space that is computationally efficient and can be applied to real data and realistic survey
geometries. Finally, we present a number of new findings and prescriptions that can be useful
for analysis of real data and forecasts, and present a critical summary of the analyses done to
date. This work can be found in Cabré et al. (2007)

3.1

Introduction to errors and literature

Sample variance from the primary CMB anisotropies limits the ability with which one can
detect CMB-LSS correlations. For the observationally favored flat ΛCDM model, even an optimal measurement of the cross-correlation could only achieve a signal-to-noise ratio of ∼ 10
(Crittenden & Turok 1996; Peiris & Spergel 2000; Afshordi 2004). Given the low significance
level of ISW detections, a good understanding of the systematic and statistical errors is crucial
to optimally exploit CMB-LSS correlation data that will be collected in future surveys such as
PLANCK, DES, SPT, LSST, etc., for cosmological purposes (see e.g., Pogosian et al. 2005).
Recent work has focused on the impact of known systematics on cross-correlation measurements (Boughn & Crittenden 2004a; Afshordi et al. 2004), however no detailed analysis has
been carried out to assess how different error estimates compare or what is the accuracy delivered by each of them. So far, most of the published analyses have implemented one specific
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error estimator (primarily in real or configuration space) without justifying the choice of that
particular estimator or quantifying its degree of accuracy.
In particular, most of the groups that first claimed ISW detections (Boughn & Crittenden 2004a; Nolta et al. 2004; Fosalba & Gaztañaga 2004; Fosalba et al. 2003; Scranton
et al. 2003; Rassat et al. 2007) estimated errors from CMB Gaussian Monte Carlo (MC)
simulations alone. In this approach statistical errors are obtained from the dispersion of the
cross-correlation between the CMB sky realizations with a (single) fixed observed map tracing the nearby large-scale structure. This estimator is expected to be reasonably accurate as
long as the cross-correlation signal is weak and the CMB auto-correlation dominates the total
variance of the estimator. We shall call this error estimator MC1 (see below).
Fosalba et al. (2003); Fosalba & Gaztañaga (2004) also used jackknife (JK) errors. They
found that the JK errors perform well as compared to the MC1 estimator, but the JK error
from the real data seems up to a factor of two smaller (on sub-degree scales) than the JK error
estimated from simulations. This discrepancy arise from the fact that the fiducial theoretical
model used in the MC1 simulations does not match the best fit to the data (see conclusions).
Afshordi et al. (2004) criticize the MC1 and JK estimators and implement a purely theoretical Gaussian estimator in harmonic space (which we shall call TH bellow). However,
they did not show why their choice of estimator should be more optimal or validate it with
simulations. This criticism to the JK approach has been spread in the literature without
any critical assessment. Vielva et al. (2006) also point out the apparent limitations of the
JK method and adopted the MC1 simulations instead. However they seem to find that the
signal-to-noise of their measurement depends on the statistical method used.
Padmanabhan et al. (2005) use Fisher matrix approach and MC1-type simulations to validate and calibrate their errors. They also claim that JK errors tend to underestimate errors
because of the small number of uncorrelated JK patches on the sky, but they provide no proof
of that.
Giannantonio et al. (2006) use errors from MC simulations that follow the method put
forward by Boughn et al. (1998). In their work the error estimator is built from pairs of
simulation maps (of the CMB and large-scale structure fields) including the predicted auto
and cross-correlation. This is the estimator we shall name MC2 below. They point out that
their results are consistent with what is obtained from the simpler MC1 estimator. See also
Giannantonio et al. (2008) for a recent study of MC1, MC2 and also JK errors.
In this part we develop a systematic approach to compare different error estimators in
cross-correlation analyses. Armed with this machinery, we address some of the open questions that have been raised in previous work on the ISW effect detection: how accurate are
JK errors? Are error estimators different due to the input theoretical models or the data
themselves? How many Monte Carlo simulations should one use to get accurate results? Can
we safely neglect the cross-correlation signal in the simulations? Do harmonic and real space
methods yield compatible results? What is the uncertainty associated to the different error
estimates?
The methodology and results presented here should apply to other cross-correlation analyses of different sky maps such as galaxy-galaxy or lensing-galaxy studies.

3.2 Introduction to the methods to calculate errors
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Table 3.1: Notation used in this part.

TC
TH
MC
MC2
MC1
JK
MC2-w
MC1-w
MC2-Cℓ
TH-w
TC-w
TH-Cℓ
JK-w

3.2

Theory in Configuration space
Theory in Harmonic space
Monte Carlo simulations
MC of the 2 fields, with correlation signal
MC of 1 field alone (CMB), no correlation signal
Jackknife errors
errors in wT G from MC2 simulations
errors in wT G from MC1 simulations
errors in Cℓ from MC2 simulations
errors in wT G from TH theory
errors in wT G from TC theory
errors in Cℓ from TH theory
errors in wT G from JK simulations

Introduction to the methods to calculate errors

We consider four methods to estimate errors. The first one is based on Monte Carlo (MC)
simulations of the pair of maps we want to correlate. We consider two variants: MC2, where
pairs are correlated with a given fiducial model and MC1, where one map in each pair is
fixed and no cross-correlation signal is included. The next two methods rely on theoretical
estimation. We will use a popular harmonic space prediction, that we shall call TH (Theory
in Harmonic space). We will also compare all these errors with a novel error estimator that is
an analytic function of the auto and cross-correlation of the fields in real space that we shall
call TC (Theory in Configuration space), an approach done by Marc Manera. Finally, we will
estimate jackknife (JK) errors which uses sub-regions of the actual data map to calculate the
dispersion in our estimator.
Once we have errors estimated in one space, it is also possible to translate them, through
Legendre transformation, into the complementary space. We shall make a clear distinction
between the method for the error calculation (i.e., MC, TH, TC or JK), and the estimator
onto which the errors are propagated: i.e. either w(θ) or Cℓ . For example, T H − w means
errors in w(θ) propagated from theoretical errors originally computed in harmonic space. This
notation is summarized in Table 3.1.
In all cases (except for the JK) we are assuming Gaussian statistics. In principle, it is also
possible to do all this with non-Gaussian statistics but this requires particular non-Gaussian
models, which are currently not well motivated by observations. Ultimately, our focus here is
on the comparison of different methods for a well defined set of reasonable assumptions.

3.3

Monte Carlo simulations (MC)

Pablo Fosalba has run 1000 Monte Carlo (MC) simulation pairs of the CMB temperature
anisotropy and the dark-matter over-density field, including its cross-correlation, following
the approach presented in Boughn et al. (1998) (see Eq.(3.2) below). These simulations are
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produced using the synfast routine of the Healpix package1 . We assume that both fields are
Gaussian: this is a good approximation for the CMB field on the largest scales (i.e few degrees
on the sky), which are the relevant scales for the ISW effect. However, the matter density field
is weakly non-linear on these scales (eg see Bernardeau et al. 2002) and therefore non-Gaussian,
i.e it has non-vanishing higher-order moments. Therefore our simulations are realistic as
long as non-Gaussianity does not significantly alter the CMB-matter cross-correlation and its
associated errors. 2 We take galaxies to be fair tracers of the underlying spatial distribution
of the matter density field on large-scales: we assume that a simple linear bias model relates
both fields, so that wGG = b2 wM M and wT G = b wT M . Therefore, in what follows, we make
no difference between matter and galaxies in our analysis (other than b), without loss of
generality.
Decomposing our simulated fields on the sphere, we have
X
f (n̂) =
aℓm Yℓm (n̂)
(3.1)
ℓm

where alm are the amplitudes of the scalar field projected on the spherical harmonic basis
Yℓm . In our simulations, the aℓm ’s are given by linear combinations of unit variance random
Gaussian fields ψ ,
q
T
CℓT T ψ1,ℓm ,
(3.2)
aℓm =


1/2
CℓT G
[CℓT G ]2
GG
q
ψ2,ℓm
aG
=
ψ
+
C
−
1,ℓm
ℓm
ℓ
CℓT T
CℓT T

for the CMB temperature (T) and galaxy over-density (G) fields, respectively, and CℓXY is
the (cross) angular power spectrum of the X and Y fields.
Our simulations assume a model that is broadly speaking in agreement with current observations, although the precise choice of parameter values is not critical for the purpose of
this paper. We assume adiabatic initial conditions and a spatially flat FRW model with the
following fiducial cosmological parameters: ΩDE = 0.7, ΩB = 0.05, Ων = 0, n = 1, h = 0.7,
σ8 = 0.9. Although we will base most of our analyses on this fiducial model, we have also run
a set of 1000 MC simulations for a more strongly dark-energy dominated ΛCDM model with
ΩDE = 0.8 (other parameters remain as in our fiducial model). This will allow us to test how
robust are our main results to changes around our fiducial model.
Galaxies are distributed in redshift according to an analytic selection function,
3 z 2 −(z/z0 )3/2
dN
=
e
dz
2 z03

(3.3)

Rwhere zm = 1.412 z0 is the median redshift of the source distribution, and by definition,
dN/dz = 1. Note that for such a selection function, one can show that its width simply scales
with its median value, σz ≃ zm /2. For convenience we shall take zm = 0.33 as our fiducial
model. For all the sky we have set the monopole (ℓ = 0) and dipole (ℓ = 1) contribution to
zero in order to be consistent with the WMAP data.
1

http://healpix.jpl.nasa.gov/
As a check, we will compare below, in Fig.4.5, the results of the MC1 simulations, which have a fix galaxy
map with Gaussian statistics, with the results using the observed SDSS DR5, which is not Gaussian. We find
no significant differences, indicating that the level of non-Gaussianity in observations does not influence much
the error estimation.
2

3.3 Monte Carlo simulations (MC)
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We have run simulations for surveys covering different areas, ranging from an all-sky survey
(fsky = 1) to a survey that covers only 10% of the sky (fsky = 0.1). The latter is realized by
intersecting a cone with an opening angle of 37◦ from the north pole with the sphere. Larger
survey areas are obtained by taking larger opening angles. For fsky = 0.1 we have done the
same analysis taking a compact square in the equator (with galactic coordinates l = 0o to
l = 66o and b = −33o to b = 33o ) and have found similar results. We note that the wide
fsky = 0.1 survey is comparable in area and depth to the distribution of main sample galaxies
in the SDSS DR2-DR3.

3.3.1

Clustering in the simulations

We have computed the angular 2-point correlation function for the galaxy over-density
wGG , the temperature wT T and their cross-correlation wT G , as well as their (inverse) Legendre
transforms, i.e, the angular power spectra,
w(θ) =

X 2ℓ + 1
ℓ

Cℓ = 2π

4π

Z

Cℓ Pℓ (cosθ)

(3.4)

1

dcosθ w(θ) Pℓ (cosθ)

(3.5)

−1

where we denote by Pℓ the Legendre polynomial of order ℓ.
In real space, we define the cross-correlation function as the expectation value of galaxy
number density δG and temperature ∆T fluctuations:
NG
−1
< NG >
= T − T0 (in µK)

δG =
∆T

(3.6)
(3.7)

at two positions n̂1 and n̂2 in the sky:
wT G (θ) ≡ h∆T (n̂1 )δG (n̂2 )i,

(3.8)

where θ = |n̂2 − n̂1 |, assuming that the distribution is statistically isotropic. To estimate
wT G (θ) from the pixel maps we use:
P
i,j ∆T (n̂i ) δG (n̂j )
wT G (θ) =
,
(3.9)
N pairs
where the sum extends to all pairs i, j separated by θ ± ∆θ. Survey mask and pixel window function effects have been appropriately taken into account using SpICE (Szapudi et al.
2001b,a). This code has been probed to yield correct results not only on simulations but also
on real data from surveys with partial sky coverage and complex survey geometries (Fosalba &
Szapudi 2004). In Fig.3.1 we show results from the all-sky MC2 simulations, whereas Fig.3.2
displays the same for a survey covering 10% of the sky alone (fsky = 0.1). Error bars are
computed as the rms dispersion over the MC2 simulations. For the Cℓ ’s, we use linear bins
with ∆ℓ = 18, to get approximately uncorrelated error bars for fsky = 0.1 (see Fig.4.2 and
chapter 12.4). As shown in the plots, our all-sky simulations are unbiased with respect to
the input fiducial model (continuous lines): the mean over 1000 simulations lies on top of the
theoretical (input model) curve. For finite area surveys, sample variance makes measurements
on the largest scales (i.e, lower ℓ’s) fluctuate around the input theoretical model 3 .

22

3 Errors analysis in the cross-correlation

Figure 3.1: 2-point angular correlation function (top panels) and angular power spectra (bottom panels)
for all-sky surveys with median depth zm = 0.3. Different panels correspond to TT (TemperatureTemperature), GG (Galaxy-Galaxy) and TG (Temperature-Galaxy) cross-correlation. Errors shown
correspond to dispersion over Monte Carlo MC2-type simulations binned with ∆ℓ = 18 (see text for
details)

3.3.2

Convergence in simulations

The MC covariance is defined as:
3

When we calculate the cross-correlation in a fraction of the sky, there is a residual monopole in the galaxy
and temperature maps, which changes the normalization of both fluctuations. In a real survey we are limited
by the survey area covered by galaxies and we need to normalize the fluctuations using the local mean, which is
in general different from the mean in all sky (because of sampling variance). We find that the cross-correlation
calculated with the local normalization with fsky = 0.1 is about 10% lower for our fiducial ΛCDM model, but
the value can vary for other models and different fsky .

3.3 Monte Carlo simulations (MC)
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Figure 3.2: Same as Fig.3.1 but for a wide field survey fsky = 0.1

Figure 3.3: Convergence in normalized covariance matrix for Monte Carlo simulations (MC2). We
compare covariance when we increase the number of simulations. Here we show the difference between
a) the first 100 with respect to the first 200 simulations (100-200), b) 200-400, c)400-700, d)700-1000.
Results show that one needs at least 700 simulations for the normalized covariance to converge (we
use 1000 in our analysis).
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Figure 3.4: Convergence in diagonal error for Monte Carlo simulations. It is shown the error for the
first 100 simulations (dotted), 200 (dashed), 400 (dash-dot), 700 (dash-dot-dot) and 999 (solid line).
With 200 simulations the accuracy in errors is about 20%.

Cij =

M
1 X
∆wkT G (θi )∆wkT G (θj )
M

(3.10)

k=1

∆wTk G (θi ) = wTk G (θi ) − w
bT G (θi )

(3.11)

where wTk G (θi ) is the measure in the k-th simulation (k=1,...M) and w
bT G (θi ) is the mean over
M realizations. The case i=j gives the diagonal error (i.e, variance).
In order to check the numerical convergence in the computation of the covariance matrix,
we compare the results using all 1000 (MC2) simulations with the ones using the first 100,
200, 400 or 700 simulations. For clarity we separate our converge analysis into the diagonal
elements (the variance) and normalized covariance, where we divide the covariance by the
diagonal elements (see Eq.(4.1)). As shown in Fig.3.3, we find that there is no noticeable
difference (≃ 5% accuracy) in the normalized covariance from 700 and 1000 simulations. This
suggests that 700 simulations are enough for our purposes. To be safe, we shall use all 1000
simulations to derive our main results.
On the other hand, Fig.3.4 shows the convergence on the variance estimation (diagonal
elements of the covariance matrix) for an increasing number of simulations. One needs about
200 simulations to converge within 20% accuracy. This is similar to the dispersion in the
errors for a given realization due to sampling variance, see Fig.4.7 below. We will use 1000
simulations which will give us better than 5% accuracy in the error estimation from these
simulations.

3.3.3

Simulations with a fixed galaxy map (MC1)

We can also calculate Monte Carlo errors by cross-correlating 1000 simulations of CMB
with a fixed sky for galaxies (MC1). This is a common practice because it is quite easy to
simulate CMB maps and not so easy to simulate galaxy maps. In this case the common (and
easiest) thing to do is not to include any cross-correlation signal in the simulated CMB maps.
Thus, this approach represents two levels of additional approximations: no variance coming
from the galaxy maps and no cross-correlation within the maps. Despite these approximations
one expects MC1 errors to be reasonably accurate because most of the variance should come

3.4 Jackknife errors (JK)
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from the large scale primary CMB anisotropies, and the cross-correlation signal is small in
comparison.
Here we want to test in detail what is the accuracy of this approach. We have taken the
mean of 20 different cases. Each case has a different fix galaxy map which is paired with 999
CMB maps, which are not correlated. For each fixed galaxy case we obtain a MC1 error, so
we can calculate the dispersion of this error with the 20 different galaxy maps. This will be
discussed in more detail in §4.6.

3.4

Jackknife errors (JK)

The JK method is closely related to the bootstrap method (Press et al. 1992) which under
certain circumstances can provide accurate errors. The idea is that the data is grouped in subregions or zones which are more or less independent.4 We then use the fair sample hypothesis
(ie ergodicity) to estimate the error (variance between zones) for the quantity under study. In
the bootstrap methods one defines new sub-samples (which approach statistically independent
realizations) by a random selection of sub-regions. In the jackknife method each new subsample contains all sub-regions but one. A potential disadvantage of the JK error is that one
may think that it can not be used on scales that are comparable to the sub-regions size. This
is not necessarily so. Rare events (such as superclusters) can dominate sampling errors on
all scales even if they only extend over small regions (Baugh et al. 2004). If JK sub-regions
are large enough to encompass these rare events, they can reproduce well errors on all scales.
Nevertheless it is clear that a danger with JK errors is that the result could in principle depend
on the size and shape of the sub-regions. So this needs to be tested in each situation.
We can therefore calculate the error from each single map using the JK method. To
study the JK error in a fraction of the sky of 10%, we divide a compact square area in M
zones or sub-regions. Fig.3.5 shows the case M = 36, but we have tried different values for
M = 20 − 80, and find similar results. The JK regions have roughly equal area and shape.
This is important; we have found that the JK method could give unrealistic errors when the
areas or shapes are not even. To calculate the covariance, we take a JK sub-sample to be all
the data removing one of these JK zones, this means that we remove all the pairs that fall
completely or partially in the JK zone that is removed. To compensate for the correlation
between the JK sub-samples, we multiply the resulting covariance by M − 1. The covariance
for this case is thus:
M
M −1X
∆wkT G (θi )∆w kT G (θj )
(3.12)
Cij =
M
k=1

∆wTk G (θi )

= wTk G (θi ) − w
bT G (θi )

(3.13)

where wTk G (θi ) is the measurement in the k-th sub-sample (k = 1, ...M ) and w
bT G (θi ) is the
mean for the M sub-samples. For each of the MC2 pair of simulated maps we have a JK
estimation of Cij . We can therefore calculate a JK mean and its dispersion (and distribution)
to compare to the true MC2 covariance in the maps.

3.5

Errors in harmonic space (TH)

Theoretical expectations for the errors are the simplest in harmonic space where the covariance matrix is diagonal in the all-sky limit. In particular, for Gaussian fields, one can easily
4

It is not adequate here to consider individual points or pixels as the units (sub-regions) to bootstrap
because they are highly correlated.
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Figure 3.5: Compact square with 36 zones, covering a 10% of the sky, used to calculate JK error in
galactic coordinates (l = 0o to l = 66o and b = −33o to b = 33o ). We see that the shapes and sizes of
the zones are similar.

see that the variance (or diagonal error) is,
∆2 CℓT G =

 TG 2

1
(Cℓ ) + CℓT T CℓGG .
fsky (2ℓ + 1)

(3.14)

This indicates that the variance of the power spectrum estimator results from quadratic
combinations of the auto and cross power, with an amplitude that depends on the number
of independent m-modes available to estimate the power at a scale ℓ, which is approximately
given by fsky (2ℓ + 1). We shall emphasize that this is only approximate and rigorously it is
only expected to yield accurate predictions for azimuthal sky cuts. However, as we shall see
later, this result is of more general applicability. We note that the dominant contribution
to the error and covariance comes from the auto-power of the fields CℓT T CℓGG involved in
the cross-correlation, whereas the cross-correlation signal (CℓT G )2 only gives a few percent
contribution, depending on cosmology and survey selection function.
Partial sky coverage introduces a boundary which results in the coupling (or correlation)
of different ℓ modes: the spherical harmonic basis in no longer orthonormal on an incomplete
sky. Thus the covariance matrix between different modes,
Cov(Cℓ , Cℓ′ ) =< (Cℓ − < Cℓ >)(Cℓ′ − < Cℓ′ >) >

(3.15)

is no longer diagonal (ie see Fig.4.2). Because of the partial sky coverage there is less power
on the smaller multipoles. This results in a systematic bias on the low multipoles of Cℓ that
can sometimes be modeled with the appropriate window correction of the survey mask. Here
we will use a simple scaling: CℓAllSky /CℓP artialSky to compensate for this effect.
Using the Legendre transform one can propagate the error ∆Cℓ in Eq.(3.14) above to
configuration space,
X  2ℓ + 1 2
2
(3.16)
Pℓ2 (µ) ∆2 Cℓ ,
∆ w(θ) =
4π
l

where µ ≡ cosθ. For the covariance matrix, we find:

Cij ≡ Cov(w(θi ), w(θj ))
X  2ℓ + 1 2
=
Pℓ (µi ) Pℓ (µj ) ∆2 Cℓ ,
4π

(3.17)

l

where µi ≡ cosθi . Eq.(3.17) and Eq.(3.16) assumes that different ℓ multipoles are uncorrelated
which is only strictly true for all-sky surveys. We shall see below that this approximation is

3.6 Errors in configuration space (TC)
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quite accurate anyway even for surveys that cover only 10% of the sky, i.e, cosmological parameter contours derived from this expression do not significantly differ from those computed
with simulations that take into account the exact covariance matrix.

3.6

Errors in configuration space (TC)

The cross-correlation function in configuration space is estimated by averaging over all pairs
of points separated an angle θ in the survey,
wT G (θ) =< ∆T (q)δg (q ′ ) |qqˆ ′ =θ >survey .

(3.18)

Marc Manera has derived a formula for the covariance of the estimator in an ensemble of
sky realizations. Details of this derivation can be found in Appendix A, in Cabré et al. 2007.
Z π
K[θi , θj , ψ]
1
sin ψdψ
(3.19)
Cij = 2
8π P (θi )P (θj ) 0
P (ψ)
where the kernel K is given by:
K[θ, θ ′ , ψ] =
WT T

(θ ′ , ψ)W

1
2

[WT T (θ, ψ)WGG (θ ′ , ψ)+

GG (θ, ψ)]

+ WT G (θ, ψ)WT G

(3.20)

(θ ′ , ψ)

and WX is a mean over the corresponding correlation wX , with X = T T, GG or T G:
Z π
dϕP (ψ, θ, φ) wX (φ)
(3.21)
WX (θ, ψ) = 2
0

where cosφ = cosθ cosψ + sinθ sinψ cosϕ. Survey geometry is encoded in P (θ) and P (ψ, θ, φ)
probabilities. These are the probabilities for two points separated by an angle θ or for a
triangle of sides ψ, θ,φ to fall completely into the survey area if they are thrown randomly
on the full sky. For partial sky surveys these probabilities depend mainly on the survey
area and can be well approximated by the formula provided in Appendix A (Cabré et al.
2007). Particularly simple analytic expressions can be obtained for a “polar cap” survey (area
obtained by intersecting a cone with the sphere) and are given in the Appendix B (Cabré
et al. 2007).
This new method of computing errors in real space has several advantages. Since it takes
into account the survey geometry, it can provide more accurate errors at large angles where
both the jackknife errors and the harmonic-space errors become more inaccurate. Compared
to Monte Carlo errors this method is faster because one does not need to generate a large
number of sky realizations. What is more, this estimator does not need to rely on any
theoretical/fiducial model, because the input can be based on the observed maps, so one can
readily apply it to correlation functions measured on the real data to estimate the errors. 5

5

A FORTRAN code (named TC-ERROR) which takes as input wT G ,wT T ,and wGG and compute the covariance matrix and errors for the cross-correlation function, can be obtained upon request from the authors
(please contact Marc Manera). Of course, this code can also be used to estimate the auto-correlation error in
a single map by just placing wT G = wT T = 0.

Chapter 4

Comparison between different error
estimators
For each one of the methods presented in the previous section, we next compare the normalized covariance:
bij = p Cij
C
(4.1)
(Cii Cjj )
and the diagonal errors (variance) and its associated dispersion.

4.1

Configuration space

bij in real space are very similar. The
As shown in Fig.4.1 all the normalized covariances C
appearance of the plots does not seem to depend strongly on the method we use to estimate
them, or the survey area fsky . Here we only show results for 10% and all the sky, but
intermediate values yield similar results. However, we want to question if slight differences in
the covariance could have a non-negligible impact on cosmological parameter estimation. We
will discuss this in detail in §5.3.
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Figure 4.1: Normalized covariances in real space for different methods as labeled in the figure. No
significant changes are found for different methods and sky fractions used.

Figure 4.2: Normalized covariances in Cℓ space from Monte Carlo (MC2) method. The covariance
becomes progressively dominated by its diagonal elements as we increase the sky fraction fsky .

4.2 Harmonic space
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Figure 4.3: Eigenvalues in real space for 10% sky (left panel) and all sky (right).

4.2

Harmonic space

In Cℓ space, there is no correlation between different l-modes (bins ∆ℓ = 1) for the case
of all sky (MC2) maps. The normalized covariance matrix is diagonal, as can be seen in the
right panel of Fig.4.2. Also shown, in the left and central panels, are the results for 10%
and 40% of the sky, where the covariance between modes gives rise to large amplitude offdiagonal elements. This is in sharp contrast to the results in configuration space (in Fig.4.1)
where there is no significant difference between normalized covariances in real space when we
decrease the area. This is because the main effect of increasing the area in configuration space
is the reduction of diagonal errors (which are shown in next section), while in harmonic space
there is a transfer of power from diagonal to off-diagonal elements.

4.3

Eigenvalues and Eigenvectors from SVD

To calculate the distribution χ2 and the signal to noise we need to invert the covariance
matrix. We use the Singular Value Decomposition method to decompose the covariance in
two orthogonal matrices U and V and a diagonal matrix W which contains the singular values
λi squared on the diagonal (eg see Press et al. 1992). This method is adequate to separate
the signal from the noise:
bij = (U T )Wkl Vlj
C
ik

(4.2)

bij is the normalized covariance in Eq.(4.1). By doing this decompowhere Wij = λ2i δij and C
sition, we can choose the number of modes that we wish to include in the analysis. This SVD
is effectively a decomposition in different modes ordered in decreasing amplitude.
We obtain very similar singular values for each mode and for each method, as show in
Fig.4.3 for some of the cases (other cases give very similar results).
We can understand the effect of modal decomposition looking at the eigenvectors shown
in Fig.4.4, where we have plotted the four dominant eigenvectors as a function of angle: first
mode (solid) affects only the amplitude, second mode (dotted) shows a bimodal pattern. The
following modes, third (dashed) and fourth (dot-dash), correspond to modulations on smaller
angular scales. As can be seen in the figure, we obtain nearly the same eigenvectors in all
the cases, in agreement to what was found by direct comparison of the covariance matrices in
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Figure 4.4: Eigenvectors in real space for 10% of the sky and for all sky, as labeled in each panel. First
eigenvector is shown as solid lines, second as dotted, third dashed and fourth dot-dash. Results for
M C1 − w and T C − w, not shown here, are very similar.

Fig.4.1. Again, we can ask: are the small differences significant? We will study this in detail
in Chapter 5.

4.4

Variance in w(θ)

Fig.4.5 is one of the main results of this chapter. We compare the variance for the different
methods, which is the diagonal part of the covariance matrix. By construction, in the limit
of infinite number of realizations, the MC2 error from simulations should provide the best
approximation to the errors. We have demonstrated (in section §3.3.2) that 1000 simulations
are enough for convergence within 5% accuracy. For all sky maps (lower lines in the Figure)
we can see that the three methods used: MC2-w, TH-w and TC-w, yield identical results,
as expected. For smaller survey areas we do expect some deviations, because of the different
approximations on dealing with the survey boundary. For a survey covering 10% of the sky
these 3 methods also agree well up to 10 degrees. At larger scales TH-w (dashed lines) starts
to deviate, because boundary effects are in fact not taken into account in this method. The JK
error (triangles) has a slope as a function of θ that seems less steep than the other methods,
but still gives a reasonably good approximation given that the dispersion in the errors is
about 20% (as discussed in §4.6 below). Note how on scales larger than 10 degrees the JK
method performs better (ie it is closer to MC2) than the TH-w error. The TC method seems

4.5 Effect of partial sky coverage
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Figure 4.5: Error calculated with different methods (as labeled in the figure) in real space for ΩDE =
0.7. For a map covering 10% of the sky (top lines and symbols), the TC (crosses) and TH (dashed
line) theoretical errors work well compared to the Monte Carlo MC2 simulations (solid line), while
MC1 simulations (dotted line) seems to underestimate the errors by 10%. The JK method (triangles)
seems slightly biased up/down on large/small scales, although all the errors are compatible given the
sampling variance dispersion we expect (see Fig.4.7). For all sky maps (bottom lines and symbols), we
show how results for MC2 (solid), TH (dashed) and TC-w (cross) agree very well.

to account well for the boundary effects, as it reproduces the MC2 errors all the way to 50
degrees, where all other methods fail.
If we only use one single realization for the galaxies (MC1) the error seems to be systematically underestimated by about 10% on all scales. This bias is expected as we have neglected
the variance in the galaxy field and the cross-correlation signal. A particular case of MC1 is
done with real data from SDSS DR5 (shown as long dashed line in Fig.4.5). We have used
here a compact square of 10% of the sky from the SDSS r magnitude slice of 20-21, which
has a redshift selection function similar to the one in our simulations (zm = 0.33). This case
works surprisingly well once scaled with linear bias b (estimated by comparing the measured
galaxy auto-correlation function with the one in our fiducial ΛCDM model). It happens to
closely follow the JK prediction, rather than the MC1 prediction, but we believe this is just a
fluke, given the dispersion in the errors (see §4.6) and the uncertainties in the fiducial model.

4.5

Effect of partial sky coverage

We have tested MC2-w, TH-w and TC-w for different partial sky survey areas fsky and
obtained similar results. In Fig.4.6 we have plotted the error for a fixed angle of 5 degrees
(top) and 20 degrees (bottom) for the different
p values of fsky . The three methods coincide for
large areas. The error scales by a factor 1/ fsky , as expected.
Notice that errors at angles comparable to the width of the survey are difficult to estimate
theoretically because one needs to take into account the survey geometry. Even for a map as
wide as 10% of the sky, the survey geometry starts to be important for errors in the crosscorrelation above 10 degrees. This is shown in simulations as a sharp inflection that begins at
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Figure 4.6: Error at a two fix angles: 5 deg (upper lines) and 20 deg (lower lines) as a function of fsky ,
p
the fraction of the sky covered by the map. As predicted, errors decrease as 1/ fsky in both cases.
Note how for small areas, the TC-w prediction (continuous line) performs better than the TH-w model
(dashed line) as it better reproduces the MC2 simulations (squares).

30 degrees in Fig.4.5 (solid line) . Our new TC-w method predicts well this inflection, while
the more traditional TH method totally misses this feature. This can also be seen in Fig.4.6
for 20 degrees when we approach small values of fsky .

4.6

Uncertainty in w(θ) errors

To assess the significance of the differences in the error estimation that we find using
different methods, we will compute here the sampling uncertainties associated with error
estimation. Fig.4.7 shows the sampling dispersion in the error estimates. This can be calculated from the TH and TC approaches by using Cℓ or w(θ) measured in each realization
as the input model for error theoretical predictions (Eq.(3.16) or Eq.(3.19)), ignoring the
covariances. To get an unbiased estimator for unbinned multipoles we apply this window
correction: mean(Cℓallsky )/mean(Cℓ10%sky ). In Fig.4.7 solid (or dotted) line shows the result
of using Eq.(3.16) for each of the MC2 (or MC1) simulations. This produces an error for each
realization and we can therefore study the error distribution. The uncertainty in the error (or
error in the error) corresponds to the rms dispersion of this distribution. The error propagation Eq.(3.16) is not linear and we find that this produces a bias of 3% when we compare the
mean of the propagated errors in each simulation with the propagation of the mean error in
all simulations.
We can also calculate the JK-w dispersion of the error, because we have the JK error for
each MC2 simulation (remember that we only need one realization to obtain the JK error).
The JK-w dispersion (triangles) in Fig.4.7 is quite close to the MC2-w values. They are
both of the order of 20% relative to the mean error. This uncertainty can be interpreted as
the result of the uncertainties in our input model; typically the model is only known to the
accuracy given by the data and a given sky realization will deviate from the ’true’ model (i.e,
the mean over realizations). Thus, if one chooses to use the estimated values from the data

4.7 Error distribution for JK
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Figure 4.7: Dispersion of the error calculated with different methods in real space for ΩDE = 0.7. For
MC2-w (solid line) or MC1-w (dotted lines), we take each pair of MC2 or MC1 simulations as the
input for the error in the TH-w calculation in Eq.(3.16). For JK (triangles), we have one error for each
MC2 simulation. We can see how the error in the error is of order 20% for MC2 or JK and is lower
for MC1 (mainly because one of the maps in each pair is kept fixed). The lower line corresponds to
the dispersion in all sky maps.

(or its best fit model) as input to the error estimation, this produces an uncertainty in the
error which is of the order of this scatter. This is always the case with the JK errors, which
do not use any model, but the uncertainty is similar if we use direct measurements as input
to the other error estimations, as shown in Fig.4.7.
For completeness, Fig.4.7 also shows the dispersion for the MC1 error (dotted). There is
less dispersion in the MC1 method because one of the maps is always fixed and this reduces
both the error and, more strongly, its dispersion.

4.7

Error distribution for JK

Fig.4.8 shows the distribution of JK errors in the MC2 simulations as compared to a Gaussian fit with the same mean and dispersion. Each panel shows the distribution of w(θ) errors
at a given fixed angle. The mean MC2-w error (shown as solid line in Fig.4.5) is shown here
by a dotted vertical line, while the mean of the JK errors (shown as triangles in Fig.4.5)
corresponds here to the continuous vertical line. We can see here how the MC2-w error and
the mean JK-w error are quite similar. The variance in the distribution agrees with the results in §4.6 above. Note also that the JK distribution of w(θ) errors can be well fitted by
a Gaussian. This is important for two reasons. First it shows that there are no important
outliers or systematic bias when one uses a JK estimator in a single realization, as is the case
with real data. Second, it indicates that the error in the error (ie the rms dispersion of this
distribution) entails all relevant information needed to asses in more detail the accuracy of
the JK error analysis. One could for example fold the uncertainties in this distribution to
asses the significance of a detection.
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Figure 4.8: Histograms show the error distribution in JK errors from 1000 simulations at different
angles. Solid line shows a Gaussian with the same mean and dispersion. Vertical lines correspond to
mean JK error (solid) and the true mean MC2 error (dotted).

4.8

Variance in Cℓ

In Cℓ space, we have compared MC2 errors to TH theory. Fig.4.9 shows how both errors
are hard to distinguish for the case of all sky (middle dashed line matches closely the jagged
line). Note the shape of the Cℓ errors exhibits a broad peak around ℓ = 200 illustrating the
fact that errors are dominated by the CℓT T term. For 10% of the sky
p the TH error (upper
dashed line) obtained theoretically from Eq.(3.14) (with a factor 1/ fsky respect to all the
sky) is much larger than the MC2 error (upper jagged line) in the simulations. As we have
shown in Fig.4.2, there is a strong covariance between different bins when fsky < 1, this is
in contrast with the TH estimation in Eq.(3.14) which assumes a diagonal covariance matrix.
We understand this discrepancy in the variance prediction as a transfer of power from the
diagonal to off-diagonal errors.
We can get a better diagonal error estimation by binning Cℓ in a ∆ℓ that makes the
covariance approximately diagonal. 1 When binning by ∆ℓ, the theoretical error (TH-Cl) in
Eq.(3.14) is reduced in quadrature to:
∆2 CℓT G =

 TG 2

1
(Cℓ ) + CℓT T CℓGG ,
∆ℓfsky (2ℓ + 1)

(4.3)

This assumes that the bins are independent. Because of the partial sky coverage, the bins are
not independent and the above formula will only be valid in the limit of large ∆ℓ.
We have tested the above formula for different sky fractions by binning the Cℓ spectrum
in the simulations and estimating the error from the scatter in different realizations. We find
that the formula works above some minimum ∆ℓ which roughly agrees with the width of
off-diagonal coupling in the covariance matrix estimated from simulations (Fig.4.2). We find
1

This is clear in Fig.4.2 which shows that the covariance is confined to a finite number of ∆ℓ of off-diagonal
elements. It is also apparent in Fig.4.9 where the jagged line for10% of the sky is clearly correlated on scales
of ∆ℓ ≃ 20, in contrast to the all-sky jagged line which shows no correlation from bin to bin.

4.9 Dependence on ΩDE
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Figure 4.9: Errors in Cℓ space calculated with (MC2) simulations as compare to (TH-Cℓ ) theory. For
all sky maps, the theoretical prediction works well, but for 10% of the sky we see a big discrepancy
between theory (dashed lines) and simulations (jagged lines). This is due to covariance between modes
and can be solved by binning the Cℓ spectrum, as shown by the symbols (simulations) and sold line
(predictions in Eq.(4.3)).

that ∆ℓ=20,16,8,1 for fsky =0.1,0.2,0.4,0.8 respectively, diagonalize the covariance matrix and
provide a good fit to the above theoretical error for binned spectra. In Fig.4.9 we show the
results for ∆ℓ = 20 for both all sky (triangles) and 10% of the sky (squares). The theoretical
prediction in Eq.(4.3) (solid lines) works very well in both cases, because the covariance with
this binning is approximately diagonal.

4.9

Dependence on ΩDE

Fig.4.10 shows a relative comparison of how our error estimation changes for a different
cosmology with ΩDE = 0.8 instead of ΩDE = 0.7. The MC error still fits well the TH and TC
predictions, but the JK errors seem to underestimate the errors more than in the ΩDE = 0.7
case. This effect is not large given the dispersion in the errors from realization to realization
(error bars in Fig.4.10).
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Figure 4.10: Relative error for the two fiducial models ΩDE = 0.7 (top) and ΩDE = 0.8 (bottom). The
different methods are labeled in the figure. We see that the relative error depends on the model, and
that in the case ΩDE = 0.8 there is also a good agreement within the errors.

Chapter 5

Constraints and significance
ISW measurements can directly constrain dark-energy parameters independent of other
cosmological probes. Here we shall use the covariance analysis presented in the previous
section to derive significance levels for the cosmological parameter constraints obtained from
a cross-correlation analysis.

5.1

Signal-to-noise from w(θ)

The signal-to-noise (S/N hereafter) depends on both the input fiducial model used in the
simulations and the covariance matrix method we implement. In this paper we shall invert
the covariance matrix using the standard method of singular value decomposition (SVD), see
§4.3. In this approach one projects the signal to the eigenvector space of the thus diagonalized
matrix and only the most significant eigenvalues are kept for the analysis,
S
N

i

=

Nb
wT G (j)
w
bT G (i)
1 X
Uji
=
.
λi
λi
σw (j)

(5.1)

j=1

Fig.5.1 shows the S/N for each singular value. All methods agree well even for 10% of the
sky. We get excellent agreement for all sky maps.
Because eigenvectors are orthogonal the total S/N is just added in quadrature:
 S 2
N

T

=

X  S 2
N i

(5.2)

i

Table 5.1 compares total S/N values from simulations and theory for different survey areas.
Here by Simulations we mean the MC2-w method where we have used 6 singular values and
theory refers to the different methods, including the TH-Cℓ approach (see below). We note
S/N
Simulations MC2-w
Theory TH-Cl
Theory TH-w

10%
1.2
1.2
1.2

20%
1.7
1.7
1.7

40%
2.5
2.4
2.4

80%
3.5
3.4
3.4

all sky
3.8
3.8
3.8

Table 5.1: Signal-to-noise as a function of fsky covered in a survey with a broad distribution of sources
with median redshift zm = 0.33 for the ΩDE = 0.7 flat ΛCDM model with different error assumptions
(see Table 3.1). Similar results are found for TC-w and JK-w methods.
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Figure 5.1: Signal-to-noise for 10% of the sky for each singular value. Different lines correspond to
methods as labeled.

that we find apparently lower values than quoted in the literature (see e.g, Afshordi 2004).
This is due to the low value adopted for ΩDE (i.e ΩDE = 0.8 models yield a S/N ratio ∼ 2
larger than our fiducial value ΩDE = 0.7), and the fact that these are predictions for a single
broad redshift bin (similar to the selection function for SDSS main sample galaxies), with
median redshift zm = 0.33. A combination of several narrow bins at different redshifts will
also increase the S/N (see Fig.5.2 and Table 5.2).

5.2

Signal-to-noise forecast from Cℓ

In harmonic space the S/N is estimated as
 S 2
N

T

=

X  C T G 2
ℓ
TG
∆C
ℓ
ℓ

(5.3)

using Eq.(3.14) in the denominator. Note in particular that the dominant contribution to
∆CT G in Eq.(3.14), comes from the CT T CGG term and not from CT G which is an order of
magnitude smaller. This means that the (S/N )2 approximately scales as:
 S 2
N

T

≃

X CT G CT G
ℓ
ℓ
∝ σ82
GG C T T
C
ℓ
ℓ
l

(5.4)

and therefore depends strongly on the normalization of the dark matter power spectrum P (k),
and is independent of the galaxies bias b. In principle CT T depends on σ8 but note that σ8
from CMB is degenerated with several other parameters. We take the approach here of fixing
CT T to the observed value and allow σ8 to vary.
Clearly, the S/N will change depending on the fiducial model used. Fig.5.2 shows this
dependence on the plane DE density vs. equation of state, w. Each panel corresponds to
different smooth redshift distributions that closely match current or planned surveys (translate to all sky). The upper panels show predictions for SDSS main sample (zm = 0.33), that

5.2 Signal-to-noise forecast from Cℓ

41

Figure 5.2: All sky values of the S/N for different models. Each panel corresponds to different redshift
distribution: SDSS (zm = 0.3), DES(zm = 0.7), DES+VISTA (zm = 1) and DES+VISTA NARROW
p
(zm = 1). Expectations for smaller survey areas are obtained by scaling the displayed values by fsky ,
where fsky is the sky fraction covered.

S/N
ΩDE = 0.7
ΩDE = 0.8

zm = 0.33
3.8
5.5

zm = 0.7
6.0
9.5

zm = 1
6.3
10.6

zm = 1 (N)
4.2
7.6

Table 5.2: Signal-to-noise for all sky maps in harmonic space for two different values of ΩDE and
for galaxy maps with different mean depths zm . The width of the redshift distribution is given by
σz ≃ zm /2 (see Eq.(3.3)) except in the last case (zm = 1 Narrow), where σz ≃ 0.17

anticipated for the DES (zm = 0.7), and a combined DES+VISTA survey (zm = 1), respectively. For these 3 surveys we use broad distributions as given by Eq.(3.3), with a width
that grows linearly with depth, σz ≃ zm /2. For this rather generic parametrization of the
selection function, the S/N monotonically increases with zm as shown by the 3 upper panels
> 0.4 (see
in Fig.5.2, although the differential contribution, d(S/N )/dz, drops for sources at z ∼
Afshordi 2004 for an analytic account of this effect). As said, the estimations are done for all
sky surveys, to be able to compare between p
them. Expectations for smaller survey areas are
obtained by scaling the displayed values by fsky , where fsky is the sky fraction covered.
In particular, for our baseline survey, SDSS, and our fiducial ΛCDM model, we estimate
S/N = 3.8, what is in good agreement with simulations in configuration space (see Table
5.1). As we sample a wider range of the ISW signal in redshift, the S/N raises by ∼ 60%
when we increase the survey depth by a factor ∼ 2 to match the depth of the DES-like survey.
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However, there is little gain in ISW detection significance when combining DES+VISTA, as
the S/N only increases by an additional 5% with respect to the DES survey. For comparison,
we also show the case of what we shall call DES+VISTA NARROW survey. This survey has
a Gaussian distribution of sources around zm = 1, but with a narrow width, similar to that
of SDSS above (σz = 0.17). In this case, the high redshift population of sources brings a poor
added value to the baseline survey (SDSS) by improving the S/N by only 10%. As shown in
Table 5.2 these conclusions vary somewhat for different values of ΩDE .
We point out that in these estimations we have ignored the lensing magnification bias
contribution (see Loverde et al. 2007) which could be important for z > 1.

5.3

χ2 estimation

We shall discuss below to what extent the choice of covariance matrix estimation method
affects cosmological parameter constraints. This is specially relevant because current ISW
detection significance levels are still rather poor (i.e, at the 4-σ level at most, see Chapter 6)
and the practical implementation of methods might yield noticeably different results.
We shall compare the methods described in Chapter 3, whereas the fiducial model is the
one implemented in the simulations. Our significance levels are derived from a χ2 statistic:

χ2 =

N
X

−1
∆i Ĉij
∆j

(5.5)

i,j=1

where:
∆i ≡

(wTEG (θi ) − wTMG (θi ))
σT G (θi )

(5.6)

is the difference between the ”estimation” E and the model M . We have run models for ΩDE
from 0.5 to 0.9 and for w from -3.0 to -0.2 and we fix the estimation E to be our fiducial
model ΩDE = 0.7 and w = −1 which was input in the simulation. The size of the resulting
confidence level contours depends implicitly on the best-fit model (i.e, the fiducial model) by
construction.
In each case, the error used is the one obtained from the simulations (for cases MC2-w,
MC1-w, JK-w, MC2-Cℓ ) or from the theoretical estimator (TH-w and TH-Cℓ ) for the given
fiducial model. That is, the errors are not varied as we sample parameter space in the χ2
estimation. This allows a direct comparison on the contours when using different covariance
matrix estimators.
Results are shown in Fig.5.3,5.4 and 5.5. In the different figures we compare the real space
MC (MC2-w) result (colored contours) with the other methods (contours traced by solid lines).
Contours from different methods agree remarkably well: it does not depend neither on which
space we compute the errors and covariance (real or harmonic space), nor on the portion
of the sky used. We have checked that small contour differences are compatible once we
take into account uncertainties in the errors, as shown in Fig.4.7. Moreover using a diagonal
approximation for the Cℓ covariance matrix to infer the covariance in real space (through the
Legendre transform in Eq.(3.16)), works for a small portion of the sky surprisingly well. As
explained in section §4.8, when we use the theoretical error in Cℓ space (TH-Cℓ ) for real data,
we should use a bin of width of ∆l that varies with the portion of the sky.

5.4 Best fit model
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Figure 5.3: χ2 contours from (MC2-w) simulations (in color) compared to the other methods (solid
line): JK-w, MC1-w, TC-w, TH-w, TH-Cℓ as labeled in each panel. All cases correspond to 10% of
the sky. The contour levels are: 0.25, 1., 4. and 9.

Figure 5.4: Same as Fig.5.3, but here each panel compares to the method TH-Cℓ for 20%, 40% and
80% of the sky.

Figure 5.5: Same as Fig.5.3 for all sky maps. Here solid lines correspond to methods TH-w (left panel)
and TH-Cl (right panel).

5.4

Best fit model

In this section we investigate how the error method used affects the best fit estimation of
cosmological parameters. We fix all the parameters as in the fiducial model, except for ΩDE .
We focus on the case of the angular 2-point correlation w(θ) and compare results for JK-w
to those for MC2-w. We do a χ2 fit of the correlation from each single simulation, which is
used as the ”E” estimator in Eq.(5.6). This follows what is done with real data where the
observations correspond to a single realization. We can make a distribution for all the best
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fit values of ΩDE that we obtain from each realization, which is shown in Fig.5.6. The error
and covariance used in the fit is in one case the JK-w obtained using this single simulation
(dashed line in Fig.5.6) or the MC2-w calculated from all the simulations (continuous line).
Despite these differences there is an excellent agreement between the JK-w and the MC2-w
results.
We see that the distribution of best fit values is biased towards higher values than the
underlying fiducial model value ΩDE = 0.7. In particular, the distribution of best-fit values
is skewed, showing a long tail of values smaller than the input model. This is due to the fact
that contours in χ2 (and in the S/N) are not symmetric. The reason for this is the nonlinear
mapping between values of ΩDE and the amplitude of w(θ). When the errors are large,
this non-linear mapping transforms an approximate Gaussian distribution (which is a good
approximation for the distribution of w(θ)) into a strongly non-Gaussian distribution in ΩDE .
When the errors are smaller, as happens for larger ΩDE , the mapping between w(θ) and ΩDE ,
is better approximated by a linear relation which results in a more Gaussian distribution.
Thus, if we have small enough errors, this bias is negligible, as we can see for the all-sky case
shown by the dotted lines in Fig.5.6.
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Figure 5.6: Distribution of best fit values for ΩDE fixing w = −1 and all the other parameters to the
fiducial model. For JK (dotted lines), we use the JK-w error obtained for each simulation. For the
MC2 simulations (solid line), we use a fixed error obtained from the dispersion in the simulations.

Chapter 6

Cross-correlation between WMAP
3rd year and SDSS galaxy survey
We cross-correlate the third-year WMAP data with galaxy samples extracted from the SDSS
DR4 (SDSS4) covering 13% of the sky , increasing by a factor of 3.7 the volume sampled in
previous analysis. The new measurements confirm a positive cross-correlation with higher
significance (total signal-to-noise of about 4.7). The correlation as a function of angular scale
is well fitted by the integrated Sachs-Wolfe (ISW) effect for LCDM flat FRW models with
a cosmological constant. The combined analysis of different samples gives ΩΛ = 0.80 − 0.85
(68% Confidence Level, CL) or 0.77 − 0.86 (95% CL). We find similar best fit values for ΩΛ for
different galaxy samples with median redshifts of z ≃ 0.3 and z ≃ 0.5, indicating that the data
scale with redshift as predicted by the LCDM cosmology (with equation of state parameter
w = −1). This agreement is not trivial, but can not yet be used to break the degeneracy
constraints in the w versus ΩΛ plane using only the ISW data. This work can be found in
Cabré et al. 2006. Then we compare the results with the cross-correlation with SDSS DR5
noticing that there is no improvement or significant difference in the results.

Figure 6.1: SDSS DR4 galaxy density (LRG) fluctuation maps (right panel) compared to WMAP
(V-band 3yr) temperature map (left panel). Both maps are smoothed with a Gaussian beam of FWHM
= 0.3 deg.

6.1

The Data

In order to trace the changing gravitational potentials we use galaxies selected from the
Sloan Digital Sky Survey Data Release 4 Adelman-McCarthy et al. 2006, SDSS4 hereafter,
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which covers 6670 deg2 (i.e, 16% of the sky). We have also done the same analysis with
data from SDSS DR5. We have selected subsamples with different redshift distributions
to check the reliability of the detection and to probe the evolution of the ISW effect. All
subsamples studied contain large number of galaxies, between 106 -107 , depending on the
subsample. We concentrate our analysis on the North Galactic Cap SDSS4 Area (∼ 5500
deg2 ), because it contains the most contiguous area. We have selected 3 magnitude subsamples
with r = 18−19, r = 19−20 and r = 20−21 and a high redshift Luminous Red Galaxy (LRG;
e.g. Eisenstein et al. 2001) color selected subsample (17 < r < 21, (r − i) > (g − r)/4 + 0.36,
(g − r) > 0.72 ∗ (r − i) + 1.7). Because of the smaller volume, the r = 18 − 19 and r = 19 − 20
subsamples provide low signal-to-noise (S/N<2) in the cross-correlation with WMAP, and we
therefore center our analysis on the two deeper subsamples. The mask used for these data
avoids pixels with observed holes, trails, bleeding, bright stars or seeing greater than 1.8.
To model the redshift distribution of our samples we take a generic form of the type:


z − zc 3/2
2
,
(6.1)
N (z) ∼ φG (z) ∼ (z − zc ) exp −
z0 − zc
for z > zc and zero otherwise. The N (z) distribution of the r = 20 − 21 subsample is quite
broad with zc ≃ 0 and z0 ≃ 0.2 which results in a median redshift, z̄ = 1.4z0 ≃ 0.3 (e.g.,
Dodelson et al. 2001, Brown et al. 2003). On the other hand, the LRG subsample has a
narrower redshift distribution. The first color cut is perpendicular to the galaxy evolutionary
tracks in the (g-r) .vs.(r-i) color space and ensures that very few z < 0.40 galaxies are selected,
which translates into a cut zc ≃ 0.37 in the above N (z) model. The second col-our cut is
parallel to evolution and perpendicular to spectral type differences and selects only red galaxies
with old stellar populations. The faint magnitude limit (r < 21) cuts high redshift galaxies
(z0 ≃ 0.45), which results in an overall median redshift of z̄ ≃ 0.5.
We use the full-sky CMB maps from the third-year WMAP data Hinshaw et al. 2007;
Spergel et al. 2007 (WMAP3 from now on). In particular, we have chosen the V-band (∼ 61
GHz) for our analysis since it has a lower pixel noise than the highest frequency W-band (∼ 94
GHz), while it has sufficient high spatial resolution (21′ ) to map the typical Abell cluster radius
at the mean SDSS depth. We use a combined SDSS+WMAP mask that includes the Kp0
mask, which cuts 21.4% of WMAP sky pixels Bennett et al. 2003, to make sure Galactic
emission does not affect our analysis. WMAP and SDSS data are digitized into 7′ pixels using
the HEALPix tessellation 1 . Figure 6.1 shows how the WMAP3 and SDSS4 pixel maps look
like when density and temperature fluctuations are smoothed on 0.3 deg scale.

6.2

Cross-Correlation and errors

We define the cross-correlation function as the expectation value of density fluctuations
δG = NG / < NG > −1 and temperature anisotropies ∆T = T − T0 (in µK) at two positions
n̂1 and n̂2 in the sky: wT G (θ) ≡ h∆T (n̂1 )δG (n̂2 )i, where θ = |n̂2 − n̂1 |, assuming that the
distribution is statistically isotropic. To estimate wT G (θ) from the pixel maps we use:
P
i,j ∆T (n̂i ) δG (n̂j ) wi wj
P
,
(6.2)
wT G (θ) =
i,j wi wj

where the sum extends to all pairs i, j separated by θ ± ∆θ. The weights wi can be used
to minimize the variance when the pixel noise is not uniform, however this introduces larger
1

Some of the results in this thesis have been derived using HEALPix Górski & et al. 1999,
http://www.eso.org/science/healpix
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cosmic variance. Here we follow the WMAP team and use uniform weights (i.e. wi = 1). The
resulting correlation is displayed in Fig.6.2. On scales up to 10 degrees we find significant
correlation above the estimated error-bars. The dotted and continuous lines correspond to
WMAP1 and WMAP3 data respectively, and show little difference within the errors. This
indicates that the cross-correlation is signal dominated.

Figure 6.2: The continuous line with error-bars shows the WMAP3-SDSS angular cross-correlation as
a function of scale for the r = 20 − 21 sample (left) and the LRG sample (right). In the top it is plotted
the cross-correlation with SDSS4 and in the bottom with SDSS5. The dotted line corresponds to using
the 1st yr WMAP (WMAP1-SDSS4) data, which is very close to the WMAP3 results (continuous
line). The dashed lines show the ΛCDM model with ΩΛ = 0.83 for SDSS4 and ΩΛ = 0.81 for SDSS5 (
best overall fit) scaled to the appropriate bias and projected to each sample redshift.

We have used different prescriptions to estimate the covariance matrix: a) jack-knife, b)
1000 Monte Carlo simulations c) theoretical estimation (including cross-correlation signal)
both in configuration and harmonic space. Our Monte Carlo simulations in b) include independent simulations of both the CMB and galaxy maps, with the adequate cross-correlation
signal. All three estimates give very similar results for covariance and the χ2 results.
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θ(deg)
0.316
0.398
0.501
0.631
0.794
1.000
1.259
1.585
1.995
2.512
3.162
3.981
5.012
6.310
7.943
10.000
12.589
15.849
19.953

wT G(20 − 21)
0.711 ± 0.198
0.712 ± 0.180
0.700 ± 0.190
0.662 ± 0.187
0.626 ± 0.179
0.622 ± 0.179
0.634 ± 0.176
0.637 ± 0.175
0.603 ± 0.178
0.540 ± 0.182
0.511 ± 0.183
0.488 ± 0.194
0.470 ± 0.188
0.488 ± 0.168
0.407 ± 0.172
0.320 ± 0.150
0.265 ± 0.121
0.247 ± 0.094
0.086 ± 0.087

wT G(LRG)
0.876 ± 0.279
0.793 ± 0.266
0.781 ± 0.266
0.724 ± 0.268
0.691 ± 0.255
0.606 ± 0.251
0.547 ± 0.258
0.602 ± 0.260
0.637 ± 0.261
0.552 ± 0.263
0.394 ± 0.249
0.298 ± 0.241
0.281 ± 0.222
0.277 ± 0.192
0.224 ± 0.181
0.158 ± 0.183
−0.004 ± 0.182
−0.031 ± 0.172
−0.052 ± 0.128

Table 6.1: wT G (θ) for WMAP3-SDSS4.

To compare models we use a χ2 test:
χ2 =

N
X

−1
∆i Cij
∆j ,

(6.3)

i,j=1

where ∆i ≡ wTEG (θi ) − wTMG (θi ) is the difference between the ”estimation” E and the model
M . We perform a Singular Value Decomposition (SVD) of the covariance matrix Cij =
(Uik )† Dkl Vlj where Dij = λ2i δij is a diagonal matrix with the singular values on the diagonal,
and U and V are orthogonal matrices that span the range and nullspace of Cij . We can
choose the number of eigenvectors w
bT G (i) (or principal components) we wish to include in
2
our χ by effectively setting the corresponding inverses of the small singular values to zero.
In practice, we work only with the subspace of “dominant modes” which have a significant
“signal-to-noise” (S/N). The S/N of each eigenmode, labeled by i, is:
S
N

i

=

Nb
wT G (j)
w
bT G (i)
1 X
Uji
=
.
λi
λi
σw (j)

(6.4)

j=1

As S/N depends strongly on the assumed cosmological model, we use the direct measurements
of wT G to estimate this quantity. The total S/N can be obtained by adding the individual
modes in quadrature. In our analysis we have used 5 eigenmodes for the r = 20 − 21 sample
and 3 for the LRG sample. The results are similar if we use less eigenmodes. With more
eigenmodes, the inversion becomes unstable because we include eigenvalues which are very
close to zero and are dominated by noise.
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Comparison with Predictions

We make the assumption that on very large scales the galaxy distribution is a tracer
of the underlaying matter fluctuations, related through the linear bias factor, δG (n̂, z) =
b(z)δm (n̂, z). We estimate b(z) from the angular galaxy-galaxy auto-correlation wGG (θ) in
each sample by fitting to the linear flat ΛCDM model prediction wGG (θ) and marginalizing
over the value of Ωm . The models have h = 0.71, TCM B = 2.725, ΩB = 0.022/h2 , ns = 0.938
and Ωk = 0. and are normalized to the value of σ8 that best fits WMAP3 data (Spergel et al.
2007): σ8 = 0.75±0.03
0.04 . With this procedure we find a normalization of bσ8 ≃ 0.90 − 0.96
and bσ8 ≃ 1.02 − 1.12 for the r = 20 − 21 and LRG samples respectively. We marginalize
all our results over the uncertainties in both σ8 and bσ8 . This also roughly accounts for the
uncertainty in the selection function. The predictions of wT G do no change much with the
selection function (see §4.1 in Gaztañaga et al. 2006), but the bias estimated from from wGG
depends strongly on the effective volume covered by φG (z). Because of the marginalization
our final results do not change much when we change the median redshift of the sample by
∼ 10%, which represents current uncertainties in N (z). But in the case of the LRG it is critical to include not only the correct value of the mean redshift (or z0 in Eq.(6.1)) but also the
redshift cut zc introduced by the color selection in Eq.(6.1). In previous LRG cross-correlation
analysis (eg Fosalba et al. 2003) the value of zc was neglected. This can over predict bσ8 , as
estimated from wGG , by a factor of two. Uncertainties in the shape of N (z) considered here
are within the normalization errors we have already included for σ8 and bσ8 . We have also
made predictions for the best fit WMAP3 data with ns = 1 which gives different parameters
and normalization (σ8 = 0.79±0.05
0.06 ) and find very similar results.
Under the above assumptions we are left with only one free parameter, which is Ωm
or ΩΛ = 1 − Ωm . Fig.6.3 shows the probability distribution estimated for ΩΛ from the
∆χ2 = χ2 − χ2min analysis away from the minimum value χ2min . Both samples prefer the same
value of ΩΛ . This is a consistency check for the ΛCDM model. The combined best fit model
has ΩΛ ≃ 0.83+0.02
−0.03 . The predictions for this ΩΛ best value are shown as a dashed line in
Fig.6.2. When doing the same with SDSS DR5 the best fit model shifts to ΩΛ ≃ 0.81, which
can be understood within the errors.
Fig.7.1 shows the joint 2D contours for dark energy models with an effective equation
of state w = p/ρ, assuming not perturbations in DE and a Hubble equation: H 2 /H02 =
Ω(1 + z)3 + ΩΛ (1 + z)3(1+w) . For each (w, ΩΛ ) we derive bσ8 consistently from the galaxygalaxy auto-correlation data. We also marginalize over the uncertainties in bσ8 and over
σ8 ∈ (0.65, 0.85), to account for the WMAP3 σ8 normalization for w 6= −1. The cosmological
constant model w = −1, however, still remains a very good fit to the data. This is due to
the large degeneracy of the equation of state parameter w with ΩΛ . This degeneracy can be
broken by supernovae SNIa data (eg see Corasaniti et al. 2005 and Fig.8 in Gaztañaga et al.
2006 ).
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Figure 6.3: Probability distribution: 1 − Pχ [> ∆χ2 , ν = 1] for ΩΛ in the r = 20 − 21 sample
(short-dashed line), the LRG sample (long-dashed line) and the combined analysis (continuous middle
curve). The range of 68% and 95% confidence regions in ΩΛ are defined by the intersection with the
corresponding horizontal lines. The cross-correlation with SDSS DR4 is plot in the left and with DR5
in the right. We don’t see any significant difference.

6.3 Systematic errors

6.3
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Systematic errors

In this section, we study systematic effects in the selection of galaxies to explore how they
can change our results.
After correcting petrosian magnitudes for extinction we have included some additional
cuts to ensure that we work with good galaxies: 1) petroMagErr < 0.2 (error in the apparent
magnitude petrosian in filter r) to include only magnitudes that are well measured in r. 2)
0<g-r<3 and 0<r-i<2 to make sure that colors correspond to a galaxy. 3) Surface brightness
in r (at half light radius) mu50 < 24.5. This cut avoids galaxies which are not well measured.
We have plotted the fraction of galaxies after selecting them for each one of the additional
cuts, to the number of total galaxies without extra selection, per pixel. For the selection in
color (2) and the surface brightness cut (3), the resulting plot is almost completely uniform.
This means that these cuts do not include any effect that we can associate with a zone of the
sky. Moreover, the clustering does not change significantly, probably because the number of
excluded galaxies is not significant. But when we plot the fraction in case (1) we can see some
marked yellow zones with lower fraction (red is fraction=1, blue fraction=0) (Fig.6.4). This
means that galaxies with bad magnitudes are concentrated in concrete zones.
All this analysis only effects the dimmest galaxies, our slice m=20-21. LRG galaxies are
not affected for these selection effects. For the case m=20-21, we think that we should extract from our analysis all the bad zones traced by the error in magnitude which can bias the
analysis. This new mask can be obtained by extracting all the pixels that have a fraction of
“good” galaxies lower than 0.65. After removing the bad observational zones, the fraction
map becomes almost uniform. A fraction of 0.65 seems enough to remove all the bad zones
that can be seen in the figures.
In Fig.6.5 we compare the angular correlation wGG (top panel) and wT G (bottom panel)
for different cases. The black line represents our analysis presented in previous section, which
excludes bad photometry, suspicious colors or the cut in surface brightness, but it does not
exclude bad zones. We think that the adequate result (in red) should exclude the bad zones
(fraction < 0.65), while keeping the selection cuts. The green line shows the result when we
exclude the bad zones but we do not include any selection in galaxies. Finally the dotted line
shows the result when no selection effects or bad zones are taken into account. The green and
dotted line are very similar because they are tracing basically the same, no selection in galaxies.
This indicates that the area covered by bad zones is not large enough to change the correlation
(ie by cosmic variance). But we remark that both these results include galaxies that have
an unusually large magnitude error and may not belong to the slice in apparent magnitude
m=20-21. This could result in slightly deeper sample, which results in a larger depth and
a lower amplitude of clustering (which decreases with depth just because of projection effects).
As we can see in Fig.6.5, the amplitudes of wGG and wT G change as it was due some bias
in the amplitude of galaxy fluctuations. The relative change in wT G is roughly the squared
root of the relative change in wGG . We can use the relative bias in wGG to explain the
difference in cross-correlation wT G (ie between the red line and the black line on the bottom
panel). This prediction is shown as dotted red. When we eliminate the galaxies with errors
above 0.2, we are dropping out statistically the dimmest galaxies and this translates into
sallower survey, resulting in a larger amplitude of both wT G and wGG . This effect scales as
the selection function φ(z) for wT G and as its square, φ(z)2 , for wGG , which agrees with the
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scaling that is measured. Thus, we believe that the difference between the black and the red
line is primordially due to this projection effect. The lesson learn is that one should be careful
when working with galaxies which are close to the limit of a given survey.

Figure 6.4: We plot the fraction of galaxies with error in the apparent magnitude r > 0.2 to the total
number of galaxies per pixel (blue=0, red=1)
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Figure 6.5: Top panel: Galaxy-Galaxy (GG) angular correlation function for different assumptions
when selecting the data (as indicated in the figure). Bottom panel: Galaxy-Temperature (TG) angular
correlation function with the same colors as top panel, in red dashed we plot the red line multiplied
by the linear bias obtained from the top panel GG (between black line and red line)

Chapter 7

Summary & Conclusions for ISW
The objective of our analysis in this part of the thesis was two fold. On one hand we
wanted to study in detail different methods for error analysis, in particular the comparison of
JK and MC methods. On the other hand, we wanted to check if we could confirm or refute
with higher significance the findings of the WMAP1-SDSS1 cross-correlation by Fosalba et al.
(2003). With an increase in area of a factor of ≃ 3.7 in SDSS4, larger signal-to-noise and
better understanding of foregrounds in WMAP3, our new analysis shows that the signal is
robust. This is also in line with the first findings using optical (APM) galaxies by Fosalba &
Gaztañaga (2004). The cross-correlation signal in WMAP3-SDSS4 seems slightly larger than
in previous WMAP1-SDSS1 measurements which results in slightly larger values for ΩΛ (see
Fosalba et al. 2003 and Gaztañaga et al. 2006). This is probably due to sampling variance, as
the SDSS4 volume has increase by almost a factor of 4 over SDSS1. We find little difference
within the errors in the cross-correlation of WMAP1-SDSS4 and WMAP3-SDSS4 (see Fig.6.2).

The total S/N in Eq.(6.4) of the WMAP3-SDSS4 correlation is S/N ≃ 3.6 for the
r = 20 − 21 sample and S/N ≃ 3.0 for the LRG, which gives a combined S/N ≃ 4.7,
assuming the two samples are independent. We have checked the validity of this assumption
by doing a proper join analysis where we include the covariance between the two samples. For
the join analysis we find a S/N ≃ 4.4 with the first 2 dominant eigenvectors and S/N ≃ 4.8
with 4 eigenvectors.

We find that a ΛCDM model with ΩΛ ≃ 0.83 successfully explains the ISW effect for
both samples of galaxies without need of any further modeling. The best fit for ΩΛ for each
individual sample are very close. This is significant and can be understood as a consistency
test for the ΛCDM model. We also see that there is no significant difference between the
results obtained using SDSS DR4 and SDSS DR5.

The equation of state parameter appears to be very degenerate and it is not well constrained by current ISW data alone (see also Corasaniti et al. 2005 and Gaztañaga et al. 2006).
Upcoming surveys such as the Dark Energy Survey (DES, www.darkenergysurvey.org), with
deeper galaxy samples and more accurate redshift information should be able to break the
w − ΩΛ degeneracy and maybe shed new light on the the nature of dark energy.
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Figure 7.1: Two dimensional contours for ΩΛ and w, the DE effective equation of state. The inner black
contour limits the 1D marginalized 68% confidence region (∆χ2 = 1). The other contour correspond
to 95% limits (∆χ2 = 4).

7.1

Conclusions for error estimation

We have run a large number of pairs of sky map simulations, that we call MC2. Each
pair is a stochastic realization of an auto and cross correlation signal, that we input to the
simulation, what we call the fiducial model. We have focused our attention in testing the
galaxy-temperature cross-correlation, so each pair of simulations corresponds to a CMB and
a galaxy map. For the fiducial model we take the current concordance ΛCDM scenario. We
have run simulations for different values of ΩDE and have tested maps with different fractions
of the sky. We have concentrated on the case ΩDE = 0.7 and fsky = 0.1 which broadly
matches current observations and results in large errors (> 50%).
We are interested in error analysis/forecast and significance estimation. We calculate the
correlation between maps and use the different realizations to work out the statistics. We
then compare the results to the different approximations that have been used so far in the
literature. One of the approximations, that we call MC1, uses Monte Carlo simulations for the
CMB maps with a fixed (observed) galaxy map (ie with no cross-correlation signal or sampling
variance in the galaxies). We test a popular harmonic space prediction, that we shall call TH
(Theory in Harmonic space). We also test jackknife (JK) errors which uses sub-regions of the
actual data to calculate the dispersion in our estimator. Finally, we introduce a novel error
estimator in real space, that call TC (Theory in Configuration space). For both models and
simulations we have assumed that the underlaying statistics in the maps is Gaussian. Our
main results can be summarized as follows:
a) The number of simulations needed for numerical convergence (to within ≃ 5% accuracy)
in the computation of the covariance matrix is about 1000 simulations (see §3.3.2).
b) Diagonal errors in w(θ) are very accurate in both TH and TC approximations for all
sky maps. This is shown in the bottom lines of Fig.4.5. For maps with different fraction
of the sky fsky < 1, the agreement is also good on small scales (θ < 20 deg) as can be
seen in Fig.4.6.
c) Even for a map as wide as 10% of the sky, the survey geometry starts to be important
for errors in the cross-correlation above 10 degrees. This is shown in simulations as a
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sharp inflection that begins at 30 degrees in Fig.4.5 (solid line) . Our new TC method
predicts well this inflection, while the more traditional TH method totally misses this
feature.
d) If we only use one single realization for the galaxies (MC1) the error seems to be systematically underestimated by about 10% on all scales. This bias is expected as we have
neglected the variance in the galaxy field and the cross-correlation signal.
e) The JK errors do quite well within 10% accuracy on all scales, including the larger scales
where boundary effects start to be important (see triangles in Fig.4.5).
f) The dispersion in the error estimator (error in the error) for individual realizations is of
the order 20% (see Fig.4.7). This uncertainty is inherent to the JK method, because
one uses the observations (a single realization) to estimate errors. But it is also implicit
in other methods because our knowledge of the models is limited by the data and can
be thought of as a “sampling variance error”.
g) S/N (see Fig.5.1) and parameter estimation (see Fig.5.5 and Table 5.1) are equivalent
when we do the analysis in configuration and harmonic space. This was expected for all
sky maps, but it is not trivial for partial sky coverage (see comments below).
h) It is possible to propagate errors and covariances from Cℓ to w(θ) (harmonic to configuration space) using Eq.(3.16). Starting from a diagonal (all sky) covariance matrix
in Cℓ , the resulting covariance matrix in w(θ) is quite accurate as compared to direct
estimation from simulations.
i) The above propagation also works wellp
for a map with a fraction fsky of the sky, by
just scaling the Cℓ errors by a factor 1/ fsky respect to all the sky. This is surprising
because for fsky < 1 the covariance matrix in Cℓ is no longer diagonal (see Fig.4.2)
p
and the actual measured Cℓ errors in simulations do not simply scale with 1/ fsky
(see Fig.4.9). Thus, Eq.(3.16) should not be valid. We believe that this works because
the two effects compensate. There is a transfer of power from diagonal to off-diagonal
elements of the covariance matrix which for the scales of interest (smaller than the
survey area) seems to corresponds to a rotation that somehow does not affect the final
errors from Eq.(3.16).
j) If we want to use the popular TH approach in Eq.(3.14) with fsky < 1 we need to bin the
Cℓ data in multipole bands of width ∆ℓ. The binned spectrum has a diagonal covariance
when ∆l is large enough and the error in the binned spectrum approximately follows
Eq.(4.3).
k) When the errors are large (i.e., for partial sky coverage and ΛCDM models with not so
large ΩDE ) there is a significant bias in the distribution of the recovered best-fit values
of ΩDE , as shown in Fig.5.6. This is because of the non linear mapping between ΩDE
and the amplitude of w(θ).
l) S/N forecasts for future surveys, shown in Fig.5.2 and Table 5.2, strongly depend on the
fiducial model used. For example, an all-sky survey with broadly distributed sources
around a median redshift zm = 1 and ΩDE = 0.8 can detect the ISW effect with a
S/N≃ 11.
What method should be used when confronted with real data? Running realistic simulations seems the best approach, but is very costly because we need of order 1000 simulations
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for each model we want to explore. The theoretical modeling of errors seems quite accurate
and is much faster to implement. The main advantage of the JK approach is that the errors
are obtained from the same data in a model independent way. This is important because real
data could surprise our prejudices and also because, in the ISW case, the errors are very large
and the data can accommodate different models.

7.2

Conclusions for real data

As an example, consider the analysis presented in Chapter 6 where we cross-correlated
the SDSS-DR4 galaxy with the WMAP3 CMB anisotropies. Using the JK approach with
w(θ) they estimate a S/N ≃ 3.6 for the r = 20 − 21 sample, which has a mean redshift of
zm ≃ 0.33. These numbers are high compared with the values in Table 5.2 for zm = 0.33 which
for fsky = 0.13 gives a low S/N q
≃ 2, even for ΩDE = 0.8. The dominant contribution to the
S/N in Table 5.2 scales as CℓT G / CℓGG (ie see Eq.(5.4)) and is therefore independent of bias,
q
T
G
but depends on σ8 . We have noticed that in fact the actual measured values of Cℓ / CℓGG
in the SDSS DR4-WMAP3 maps are almost a factor of 2 larger than the values in the concordance ΩDE = 0.8 (σ8 = 0.9, n = 1, Ων = 0, ΩB = 0.05, h = 0.7) model. This explains the
discrepancy in the S/N and illustrates the danger of blindly using theoretical errors that are
model dependent. The
qdiscrepancy of the concordance model with the SDSS4-WMAP3 measured values of CℓT G / CℓGG is not very significant once we account for sampling errors (less
than 3-sigma), but it could be an indication of new physics that make the P (k) normalization
higher than the concordance model, ie deviations in σ8 , spectral index n, neutrinos Ων , etc,
away from the fiducial model we are considering.

Also note, that there are systematic effects discussed in §6.3 that can bias the amplitude
of the cross-correlation measurements. The biases can sometime be as large as the sampling
errors which could help reducing the significance of the discrepancies with the LCDM model.
We have also shown that it is possible to use the other theoretical models (ie TC and
TH) to make model independent error predictions from observations. Contrary to all other
methods, the JK approach does not assume Gaussian statistics, but its accuracy could depend
on the model or the way it is implemented (ie shape and number of sub-regions). We conclude
that to be safe one needs to validate the JK method with simulations, but there is no reason
priori to expect that this method is inaccurate.
In summary, we have presented a detailed testing of different error approximations that
have been used in the literature, both in configuration and harmonic space. Contrary to some
claims in the literature (see Introduction), we show that the different errors (including the JK
method) are equivalent within the sampling uncertainties. By this we mean not only that the
error and covariance are similar but also that they produce very similar signal-to-noise (S/N)
and recovery of cosmological parameters.

Part II

Redshift space distortions

Chapter 8

Theory of redshift space distortions
In this part of the thesis we present a different approach to measure the evolution in the
growth of structure, based on redshift distortions. Galaxies, that trace the matter density
in the universe, move differently depending on the cosmology. These peculiar velocities are
added to the Hubble flow and this affects the distance that we obtain from redshifts in the
direction of line-of-sight. The 2-point correlation function becomes anisotropic in redshift
space, and gives us important information depending on the degree of anisotropy. We work
with luminous red galaxies from the Sloan Digital Sky Survey, which occupy a big volume
and are assumed to live in the centers of the halos. While in the previous part of this Thesis
we use the photometric sample of SDSS (with angular positions) here we will focus in the
spectroscopic sample, which contains information from peculiar velocities. In this chapter, we
study the theory involved in our calculations.

8.1

Introduction to redshift space distortions

Peculiar velocities v are defined as deviations away from the Hubble flow due to local
inhomogeneities:
ṙ = ax
˙ = ȧx + aẋ = Hr + v
(8.1)
where a is the scale factor, r = ax is the proper distance and x is the comoving distance.
The peculiar velocities of galaxies cause them to appear displaced along the line-of-sight in
redshift space, since redshift is a measure of velocity as well as of distance. Then, the redshift
distance s of a galaxy differs from the true distance r by its peculiar velocity along the line-ofsight. These displacements lead to redshift distortions, with two important contributions. The
first, from large over densities that lead to a coherent bulk motion. We see walls denser and
voids bigger and emptier, with a squashing effect in the 2-point redshift correlation function
along the line-of-sight (Kaiser 1987). At small scales, random velocities inside clusters of
galaxies produce a radial stretching pointed at the observer, known as fingers of God (FOG).
Although such distortions complicate the interpretation of redshift maps as positional
maps, they have the advantage of bearing information about the dynamics of galaxies. In
particular, the amplitude of distortions on large scales yields a measure of the linear redshift
distortion parameter β, which is related to the cosmological matter density.
Kaiser (1987) pointed out that, in the large-scale linear regime, and in the plane-parallel
approximation (where galaxies are taken to be sufficiently far away from the observer that the
displacements induced by peculiar velocities are effectively parallel), the distortion caused by
coherent infall velocities takes a particularly simple form in Fourier space:
Ps (k) = (1 + βµ2k )2 P (k).

(8.2)
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where P (k) is the power spectrum of density fluctuations δ define in Eq.(2.11), µ is the cosine
of the angle between k and the line-of-sight, the subscript s indicates redshift space, and β
is the growth rate of growing modes in linear theory, the dimensionless quantity which solves
~ v + βδ = 0 in units where the Hubble constant is one.
the linearized continuity equation ∇.~
If the galaxy overdensity δ is linearly biased by a factor b relative to the underlying matter
density δm of the Universe, δ = bδm (see Eq.(2.14)), but velocities are unbiased, then the
observed value of β is
Ω0.55
(8.3)
β≈
b
for standard gravity. See Hamilton (1992) for an extensive review.

8.2

Model for the anisotropic 2-point correlation function in
redshift space

The 2-point correlation function, ξ(~r), is defined by the joint probability that two galaxies
are found in the two volume elements dV1 and dV2 placed at separation ~r (see Peebles 1980)
dP12 = n2 [1 + ξ(r)]dV1 dV2

(8.4)

We can split the distance ~r into its component along the line-of-sight (LOS) π and perpendicular to the LOS, σ, as shown in Fig.10.6, so that ξ(~r) is in fact a function ξ(π, σ).
These are the right variables to study redshift
space distortions, in real space we usually have
√
isotropy so that ξ(σ, π) = ξ(r) with r = σ 2 + π 2 .
The correlation ξ(~r) in real space is related to the power spectrum by a Fourier transform:
ξ(~r) =

Z

d3 k
(2π)3

(8.5)

sin(kr) k2 dk
kr (2π)3

(8.6)

~

P (k)e−ik~r

and with isotropy,
ξ(r) = 4π

Z

∞

P (k)

0

As mentioned above, Kaiser (1987) pointed out that the coherent infall velocities take a
simple form in Fourier space given by Eq.(8.2). Hamilton (1992) translated these results into
real space,
ξ ′ (σ, π) = [1 + β(∂/∂z)2 (∇2 )−1 ]2 ξ(r),
(8.7)
which reduces to
ξ ′ (σ, π) = ξ0 (s)P0 (µ) + ξ2 (s)P2 (µ) + ξ4 (s)P4 (µ),

(8.8)

where in general (see also Eq.(8.16)),
ξ0 (s) =




2β β 2
+
1+
3
5



ξ(r),


4β
4β 2
ξ2 (s) =
+
[ξ(r) − ξ(r)],
3
7


5
7
8β 2
ξ(r) + ξ(r) − ξ(r) ,
ξ4 (s) =
35
2
2

(8.9)

(8.10)
(8.11)

8.3 Multipoles of ξ(π, σ)

and
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Z

3
ξ(r) = 3
r

Z

5
ξ(r) = 5
r

r

ξ(r ′ )r ′2 dr ′ ,

(8.12)

ξ(r ′ )r ′4 dr ′ .

(8.13)

0
r
0

We use these relations to create a model ξ ′ (σ, π) which we then convolve with the distribution function of random pairwise motions, f (v), to give the final model ξ(σ, π) (Peebles
1980):
Z ∞
ξ ′ (σ, π − v/H(z)/a(z))f (v)dv
(8.14)
ξ(σ, π) =
−∞

where we divide peculiar velocities by a(z) to translate to comoving distances, since velocities are defined in physical coordinates.
We represent the random motions by an exponential form,
!
√
2|v|
1
(8.15)
f (v) = √ exp −
σv
σv 2
where σv is the pairwise peculiar velocity dispersion. An exponential form for the random
motions has been found to fit the observed data better than other functional forms (Ratcliffe
et al. 1998; Landy 2002).
Sometimes there is a confusion in the dispersion of the pairwise velocity distribution, which
1
in the case of coming entirely from random peculiar velocities, should follow σv1D = √ σv3D ,
3
defined using the absolute values of the pairwise velocities. But in this work, σv refers to the
dispersion taking into account the sign of the pairwise velocity in the LOS, being negative
when galaxies are approaching each other and positive when they are moving further away.
We can only do this distinction in one dimension. This dispersion σv used here is larger than
the 1 dimensional σv1D .
When we add non-linear bias to the real-space correlation function, the corresponding
ξ(π, σ) is altered at different distances, not only for small redshift scales, basically around the
zone FOG.
Matsubara (2004) and Scoccimarro (2004) have presented different models for the 2-point
correlation function in redshift space. Tinker et al. (2006) and Tinker (2007) do a modeling of
redshift space distortions in the context of halo occupation distribution model (HOD). These
models are complementary to the one studied here. In most situations the differences are
small and we will show that our modeling gives good agreement with simulations and real
data.

8.3

Multipoles of ξ(π, σ)

We can define the multipoles of ξ(π, σ) as
2ℓ + 1
ξℓ (s) =
2

Z

+1

ξ(π, σ)Pℓ (µ)dµ.
−1

where µ is cosine of the angle to the line-of-sight π.
The normalized quadrupole (Hamilton 1992) is defined as

(8.16)
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Q(s) =

ξ2 (s)
Rs
ξ0 (s) − (3/s2 ) 0 ξ0 (s′ )s′2 ds′

(8.17)

Linear bias cancels in the quadrupole, and Q(s) is slightly dependent on the shape of the
correlation function, such as changes of Ωm in large scales or scale dependent non-linear bias
for small scales.
In the Kaiser approximation, large scales, the quadrupole is directly related to β
Q(s) =

1

4
4 2
3β + 7β
+ 23 β + 15 β 2

(8.18)

In small scales, the quadrupole depends strongly on the random pairwise velocities, represented by σv , but it does not depend much on non-linear bias, as we will show.

8.4

The projected correlation function Ξ(σ)

As we will show, the redshift-space correlation function differs significantly from the realspace correlation function because of the distortions originated in the direction LOS. We can
estimate the real-space correlation function by calculating the projected correlation function,
Ξ(σ), integrating the redshift distorted ξ(π, σ) along the line-of-sight π.
Z ∞
ξ(σ, π) dπ
(8.19)
Ξ(σ) = 2
0

However, with data, we can not integrate until infinite. We set the upper limit in this
integral to πmax = 80M pc/h. The result does not change when we move the upper limit of
the integral for πmax > 60M pc/h in the data.
Davis & Peebles (1983) show that Ξ(σ) is directly related to the real-space correlation
function.
Ξ(σ) = 2

Z

∞

rξ(r)dr
1

σ

(r 2 − σ 2 ) 2

.

(8.20)

If we assume that the real space correlation function is a power law ξ(r) = (r/r0 )−γ0 , then
we can do this integral numerically, obtaining:
γ −1
Ξ(σ)  r0 γ0 Γ( 21 )Γ( 02 )  r0 γ0
A(γ0 ).
=
=
γ0
σ
σ
Γ( 2 )
σ

(8.21)

The parameters γ0 and r0 can then be estimated from the measured Ξ(σ), giving a value
of the real-space clustering independent of any peculiar motions (see also,Fry & Gaztanaga
1994).

8.5

The real space correlation function ξ(r)

It is possible to estimate ξ(r) by directly inverting Ξ(σ) (Saunders et al. 1992). They recast
Eq.(8.20) into the form,
Z
1 ∞ (dΞ(σ)/dσ)
ξ(r) = −
dσ.
(8.22)
π r (σ 2 − r 2 ) 12

8.5 The real space correlation function ξ(r)

67

Assuming a step function for Ξ(σ) = Ξi in bins centered on σi , and interpolating between
values,
q


2
2
σ
+
σ
−
σ
X
j+1
j+1
i
Ξj+1 − Ξj 
1

q
ln
(8.23)
ξ(σi ) = −
π
σj+1 − σj
2
2
σ + σ −σ
j≥i

j

j

i

for r = σi .

We take the redshift space anisotropic model ξ(π, σ) in Eq.(8.14), with a fixed β = 0.35
and σv = 400km/s, and we use Eq.(8.19) to obtain the projected correlation function Ξ(σ)
as if it was data. We fix the upper limit in the integral: 60Mpc/h, 80Mpc/h, 100Mpc/h and
200Mpc/h (dotted lines in top panel of Fig.8.1), and compare the result to the one obtained
theoretically from Eq.(8.20) (solid line in top panel of Fig.8.1). As we increase the upper limit
in the integral, we approach the real result, but we can not integrate until 200Mpc/h in real
data, because as we will see in future sections, data is quite noisy for π > 60M pc/h. The
conclusion is that we will not be able to recover the projected correlation function completely
free of redshift distortions for large scales in real data (at least with available data), just where
we would like to evaluate the shape of the real correlation function, but we can use it at small
scales.
In the bottom panel of Fig.8.1 we see the real space correlation function recovered from the
previously calculated projected correlation function with different upper limit fixed, Eq.(8.22).
We obtain a good estimation of the ξ(r) until 30Mpc/h, we will use this inversion to see the
non-linear bias at small scales.
This analysis can be done for different values of β and σv and we find very similar conclusions. We have shown in the plots the values that are in concordance with real LRG SDSS data.
Once we recover the real-space correlation function, we can also estimate the ratio of the
redshift-space correlation function, ξ(s), to the real-space correlation function, ξ(r), which
gives an estimate of the redshift distortion parameter, β, on large scales:
2β
β2
ξ(s)
=1+
+ .
ξ(r)
3
5

(8.24)

As we have shown in Fig.(8.1), ξ(r) will be in general slightly overestimated at large scales
ξ(s)
when we estimate it from the projected correlation function (Ξ(σ)), so the expression ξ(r)
will
in general be slightly lower than expected on large scales.
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Figure 8.1: Top: We compare here the projected perpendicular correlation function calculated theoretically from ξ(r) (solid line) compared to integral of π − σ to rf=60.(cyan), 80.(blue), 100.(yellow),
200.(red) for β = 0.35 and σv = 400km/s. Bottom: Estimation of the real space correlation function
by deprojecting the dotted color lines Ξ(r) in the top panel

8.6 Growth history
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Growth history

According to general relativity, the equations that determine the evolution of the density
contrast δ in a flat background consisting of matter with density ρm and dark energy with
ρDE = pDE
w are of the form
ȧ
δ̈ + 2 δ̇ = 4πGρm δ
a
 2
ȧ
8πG
=
(ρm + ρDE )
a
3
 2
ä
ȧ
2 +
= −8πGwρDE
a
a

(8.25)
(8.26)
(8.27)

where Ωm (a) is the matter density at a redshift z where a = 1/(1 + z)
H02 Ω0m a−3
H 2 (a)

(8.28)

Ω0m a−3 + (1 − Ω0m )a−3(1+w)

(8.29)

Ωm (a) =
and
H(a) =

q

so the linear theory growth D(a) = δ/δ(0) factor depends purely on the expansion history
H(a), w(a), Ωm (a). Any discrepancy found between the observed growth and the predicted
based on expansion history test the gravity.
Considering the gravitational growth index formalism of Linder (2005),
f=

d ln D
= Ωm (a)γ
d ln a

(8.30)

where γ is the gravitational growth index. Note that, as it was designed for, the growth index
formalism separates out the two physical effects on the growth of structure and the redshift
distortion: Ω(a) involves the expansion history and γ focuses on the gravity theory.
Ra

D(a) = e

0

d ln a [Ω(a)γ −1]

.

(8.31)

3(w0 − 1)
(8.32)
6w0 − 5
which reduces to γ = 6/11 = 0.55 for ΛCDM (w = −1), and it is accurate to less than
0.1%.
Zhang et al. (2007) propose a test to discriminate gravity at cosmological scales based on
lensing. Nesseris & Perivolaropoulos (2008) have compiled a data set of various data points at
a redshift range that can be used to constrain the linear perturbation growth rate f through
redshift distortions or indirectly through the rms mass fluctuation σ8 (z) inferred from Ly − α.
Wang (2007) do a prediction of the characteristics that a survey must accomplish to be able
to rule out the DGP gravity model (an extra-dimensional modification of gravity), where the
idea is to calculate H(z) from the baryon acoustic peak and f(z) from redshift distortions.
Guzzo et al. (2008) test the nature of cosmic acceleration using galaxy redshift distortions
at z=0.8, obtaining f , but errors are still too high to distinguish between different theories.
Acquaviva et al. (2008) has recently done a new compilation of results. See Bertschinger &
Zukin (2008) for a theoretical approach to modified gravity.
γ=
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8.6.1

Growth history in redshift distortions

The redshift distortion parameter observed through the anisotropic pattern of galaxy redshifts on cluster scales is (Kaiser 1987)
β=

1 d ln D
= f /b,
b d ln a

(8.33)

where b is the bias between galaxies and the total matter, D is the linear theory growth factor
at expansion scale factor a, and f is called growth rate of fluctuations.
See Linder (2007) for a detailed study of the impact of β to variations in the cosmological
parameters. The gravitational growth index has substantial impact on the redshift distortion,
with β more sensitive to the growth index γ and Ωm than to the equation of state variables
w0 , wa , especially at low redshifts. (where the effective w(a) is parametrized as w(a) =
w0 + wa (1 − a)) This is furthermore where measurements can be made most precisely, so this
suggests that redshift distortions offer a promising tool for investigating gravity.
In this work, we will use redshift distortions to see changes in modified gravity, assuming
that w is slightly dependent on γ so that the observations are explained by exclusively the
growth history, with the same expansion history.

8.6.2

Growth history in ISW effect

As seen in the first part of the thesis, the angular auto-correlation function is proportional
to
wGG ∝ σ82 φG (z)2 b(z)2 D(z)2

(8.34)

and the cross-correlation between galaxies and CMB wT G (ISW effect)
wT G ∝ σ82 φG (z)b(z)D(z)

d[D(z)/a]
dz

(8.35)

where after some calculations
d[D(z)/a]
= D(z)(1 − f )
(8.36)
dz
We can learn about the growth rate of fluctuations f using the ISW effect. This method
is independent to the one explained before with redshift distortions.

8.7

Baryon acoustic peak

Before the recombination, the universe was filled by a plasma with coupled photons and
baryons. Sound speed was relativistic then, due to the pressure of photons, and the sound
horizon had a comoving radius of 150Mpc. The cosmological fluctuations produced sound
waves in this plasma, when the recombination occurred, 380,000 years after the Big Bang.
Temperature dropped down to 3000 K and photons and baryons recombined to form neutral
gas. At this stage of the evolution of the Universe, the sound speed dropped off abruptly and
acoustic oscillations became frozen until now. The signature they imprinted can be found
both in CMB and LSS, so the baryon acoustic peak can be used as a cosmic ruler.
The distance that a sound wave has traveled at the age of the universe at that time is the
comoving length of the sound horizon, which depends on the speed of sound in the plasma,
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related to the density of the fluid.

s(a) =

Z

0

t

cs (t′ ) ′
dt =
a(t′ )

where the sound of speed cs (s) is
c2
∂p
cs (s) =
=
∂ρ
3

Z



a
0

cs (a′ )
da′
a′2 H(a′ )

(8.37)

−1

(8.38)

3ρb
1+
4ργ

and H(a) before at the epoch of recombination is
p
H(a) = H0 Ωm (1 + z)3 + Ωr (1 + z)4

(8.39)

In harmonic space, the baryonic feature is seen as a series of small-amplitude oscillations,
while in the 2-point correlation function is seen as a single wide peak, around 100Mpc/h. We
can use the position of the baryonic peak in the 2-point correlation function as a measure
of H(z) and DA (z). If we measure the peak at the radial direction, we find directly information about H(z), since dr = dz/H(z). In principle, w can be estimated from both the
radial and transverse parts of the power spectrum. Transforming redshifts to comoving distances requires the Hubble parameter H(z) while transforming angular separations involves
the angular-diameter distance DA (z). Both H(z) and DA (z) depend on w as well as other
cosmological parameters. Thus, the radial and tangential components provide independent
routes to w. In real data, recent surveys use the averaged power spectrum or the monopole
to do predictions, but in future surveys, the anisotropy of BAO in redshift space can be used
to constrain better w and Ωm .
The comoving sound horizon is calculated with WMAP5, s(a) = 146.8 ± 1.8M pc. The
idea is to compare the well known measure of the baryonic peak calculated by WMAP5, with
the peak obtained from LSS using a fiducial cosmology.
A number of effects can alter the form of the two-point correlation function from the linear perturbation theory predictions presented in the last section: the non-linear growth of
perturbations, redshift space distortions and bias.
It turns out that bias, general non-linear evolution and redshift-space distortions are much
simpler to deal with in the case of the correlation function than they are for the power spectrum. On the scales we consider (60 < (rM pc/h) < 180), these effects primarily result in
a change in the amplitude of the measured correlation function and do not alter its shape
(Sanchez et al. 2008).
See Blake & Glazebrook (2003), Eisenstein et al. (2007b), Eisenstein et al. (2007a), Smith
et al. (2008), Crocce & Scoccimarro (2008) and Sanchez et al. (2008) for discussion about
all these effects on the BAO peak in the 2-point correlation function, and Eisenstein et al.
(2005b), Percival et al. (2007a) and Percival et al. (2007b) for examples of estimation of
cosmological parameters using BAO’s.

8.8

Magnification bias in the baryon acoustic peak

Magnification bias is given by the lensing effect caused by the dark matter which is located
between the observed galaxies and us (in the line-of-sight). This lensing creates an enhance of
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number of galaxies per pixel due to the magnification that allows us to see dimmer galaxies,
and a suppression of the number of galaxies due to the growth of the area, which excludes
some galaxies. The final net lensing is controlled by the slope in the number counts. (see Hui
et al. 2007)
The slope s is defined as
s=

d log10 N (< m)
dm

(8.40)

where N (< m) refers to the number of galaxies in the survey with apparent magnitude
< m
Magnification can be important in the direction LOS, and particularly at large scales,
where it is located the baryon acoustic peak, so we will calculate the slope and see the effects
in our real LRG data. When noise is shot-noise dominated, as in the case of galaxies LRG in
the direction LOS, bias increases only the signal (not the noise), so we can gain S/N easily.
The 2-point correlation function, with redshift distortions and the new terms due to magnification, is:
ξobs = ξgg + ξgv + ξvg + ξvv + ξgµ + ξµg + ξµµ
(8.41)
where the cross-terms velocity-magnification vanish due to Limber approximation. The first
four terms are due to redshift distortions and they are explained in §8.2. The cross-term µg
is the only one that can alter significantly the signal at large scales. The auto-magnification
term is too low compared to the cross-term, it can be more than 5 orders of magnitude lower.
The cross-term galaxy-magnification is:

3
ξgµ (χ1 , θ 1 ; χ2 , θ 2 ) = H02 Ωm (5s − 2)
2
(χ2 − χ1 )χ1
(1 + z1 )
Θ(χ1 < χ2 )
χ2
Z 2
d k⊥
Pgm (z1 , k⊥ )eik⊥ ·χ1 (θ 1 −θ 2 )
(2π)2

(8.42)

where Θ(χ1 < χ2 ) is a step function which equals 1 if χ1 < χ2 and vanishes otherwise, H0
is the Hubble constant today, Ωm is the matter density today (normalized by the critical
density), z1 is the redshift corresponding to the comoving distance χ1 , and Pgm is the (3D)
galaxy-mass power spectrum, and k⊥ is the transverse Fourier wave vector. We have used the
Poisson equation to relate the gravitational potential φ to the mass overdensity δ:
∇2 φ = 3H02 Ωm (1 + z)δ/2

(8.43)

Note that the speed of light is set to 1 throughout.
Further, suppose one has a galaxy survey, or a subsample thereof, that spans some finite
redshift range such that the radial separation χ1 − χ2 is always small compared to χ1 or χ2 .
This is a sensible assumption since at sufficiently large separations, galaxy evolution becomes
important and complicates one’s analysis. Let χ̄ be the mean radial comoving distance to these
galaxies, and z̄ be the associated mean redshift. The galaxy-magnification cross-correlation
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and the magnification auto-correlation can be simplified as follows:
ξgµ (χ1 , θ 1 ; χ2 , θ 2 ) + ξgµ (χ2 , θ 2 ; χ1 , θ 1 ) =
3 2
H Ωm (5s − 2)(1 + z̄)|χ2 − χ1 |
2 0
Z 2
d k⊥
Pgm (z̄, k⊥ )eik⊥ ·χ̄(θ 1 −θ 2 )
(2π)2

(8.44)

We can use this simplified model to have an idea of the magnification we will have in LRG.
These galaxies are far, at redshift=0.35, so we can consider that the distance to the survey is
big compared to the distances between galaxies inside the survey. The galaxy-magnification
term is important at the LOS direction and vanish quickly when moving to bigger angles to
the LOS. Moreover, it is proportional to the LOS distance between galaxies, the reason why
we can see the magnification only at large scales, where there is the BAO peak. No linear
bias can increase considerably the magnification.
See Matsubara (2000b), Hui et al. (2007) and Hui et al. (2008) for a more detailed account.

Chapter 9

Testing the errors and models with
simulations
In this chapter we perform an analysis of simulations in order to test the models used and
the errors. We can see through the simulations how to use the analytical models to extract
cosmological information optimally. We also study the pairwise velocities in both real and
redshift space. Finally we calculate Monte Carlo errors, we compare them with jackknife
errors and we obtain an analytical form for the error in ξ(π, σ) when the density of objects is
low, as in the LRG case.

9.1

Description of the simulations

We have used a comoving output at redshift 0.3 of a MICE simulation, run in the super
computer Mare Nostrum in Barcelona by MICE consortium (www.ice.cat/mice)
The simulation contains 20483 dark matter particles, in a cube of side 7689Mpc/h, ΩM =
0.25, Ωb = 0.044, σ8 = 0.8, ns = 0.95 and h = 0.7.
We have divided this big cube in 33 cubes of side 2 x 1275Mpc/h, and taking the center of
these secondary cubes as the observation point (as if we were at z=0), we apply the selection
function of LRG, which arrives until z=0.47 (r=1275Mpc/h). We can obtain 8 octanes from
the secondary sphere included in the cube, so at the end we have 8 mock LRG catalogs from
each secondary cube, which have the same density per pixel as LRG in order to have the
same level of shot noise, and the area is slightly smaller (LRG occupies 1/7 of the sky with a
different shape). The final number of M independent mock catalogs is 216 (27x8).
0.55

=
There is no bias in these simulations, because there is only dark matter, so β = Ωm (z)
b
0.62 (where Ωm (z) = Ωm (1 + z)3 /(Ωm (1 + z)3 + 1 − Ωm ) and bias=1)
We have also used a MICE simulation with 20483 dark matter particles, in a cube of side
3072Mpc/h, at redshift 0 to study pairwise velocities in dark matter particles and halos.

9.1.1

How to generate redshift distortions in the simulations

Redshift distortions are generated in the line-of-sight direction, where the expansion of the
universe (intrinsic redshift) and peculiar velocities can not be separated, and we take the sum
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as if it was all due to the expansion, an indicator of the distance to the galaxy. Then the
distance in redshift space s is:
s = r + vLOS /H(z)/a(z)

(9.1)

where we divide by a(z) because we work in comoving distances.

9.2

Halo simulations

We have also used 50 low resolution halo simulations from the Institute for Computational
Cosmology in Durham, labeled L-BASICC (see Angulo et al. 2008). Here, the cosmological
parameters are: ΩM = 0.25, Ωb = 0.045, σ8 = 0.9, ns = 1 and h = 0.73. We use these simulations to test the errors in the case of high bias (∽ 2), but they have low resolution and 50
is a reduced number to study errors. The simulations are comoving outputs at a redshift=0,
of side 1340Mpc/h and 4483 particles. The halos contain 10 or more particles (corresponding
to a mass of 1.8 1013 h−1 M⊙ ).

9.3

Description of errors Monte Carlo, jackknife and analytical

The description of the different approaches to errors is explained in detail in the first part
of the thesis. Here we do a brief summary. We obtain the Monte Carlo error from the dispersion of M independent realizations of our universe. Typically, we need 100 independent
simulations for the diagonal error, and more for the covariance matrix, depending on the case.
The Monte Carlo is considered the true error, but it spends more computational time than
other kinds of errors, and it also requires simulations with the same particularities of the data
analyzed.
For M realizations, the Monte Carlo covariance is
M
1 X
k
b
b
(ξ(i)k − ξ(i))(ξ(j)
− ξ(j))
Cij =
M

(9.2)

k=1

b is the mean over M
where ξ(i)k is the measure in the k-th simulation (k=1,...M) and ξ(i)
realizations. The case i=j gives the diagonal error (variance).
For the jackknife error, we obtain the different realizations that we need to compute the
error from the data, dividing the catalog in M zones, and we consider that each simulation is
all the catalog except from one of these JK zones. In this case, as the realizations are clearly
not independent, we correct for a factor (M − 1) the previous covariance to account for this
effect.
We use the dark matter simulations to probe the limit in JK errors, which we want to use
in LRG data, because we do not have precise simulations of LRG galaxies to obtain reliable
Monte Carlo errors. We study the errors in the redshift space correlation function ξ(π, σ), the
monopole ξ(s), the quadrupole Q(s), the perpendicular projected function Ξ(r), and finally
the obtained real-space correlation function ξ(r).
In the ξ(π, σ) case, we use different binning in the data to obtain the 2 dimensional π − σ
information, squares of 5Mpc/h, 1Mpc/h or 0.2Mpc/h. The errors JK and MC seem to agree
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at small scales until σ = 20M pc/h but we see that there is a well motivated phenomenological form that match perfectly the√MC errors at even large scales. This analytical error is
proportional to a noise part, as 1/ number of pairs and a part proportional to the signal.
It works well in this case because LRG is a low density catalog, and we are able to separate
both parts, as if we were in a diagonal space. In general, the analytical derivation of the error
is more complicated. The idea is to fit the phenomenological form to the MC errors and from
there we can use the formula as an estimation of the error in LRG.
The error has the following form, when we add the noise and signal parts linearly (it fits
better than quadratically)
err(ξ) = err(ξ)noise + err(ξ)signal = err(ξ)noise + ξ/rf it

(9.3)

We can associate rf it to the number of independent nodes in the catalog.
The correlation function is calculated as
ξ(π, σ) =

DD
DR
−2
+ 1.
RR
RR

(9.4)

number of pairs is, for data-data: err(DD) =
qThe error that comes from having a limited
p
2
1/ RR/NR , and for DR: err(DR) = 2/ RR/NR . We suppose that the error in randomrandom is insignificant, because we are using a denser random catalog. We add the errors
quadratically

err(ξ)noise =

r

NR2 + 4NR
RR

(9.5)

where the random catalog is NR denser than the data catalog. We can reduce the error
in ξ(π, σ) by increasing the number of particles in the random catalog, modifying the error
coming from DR, which is inversely proportional to the square root of the pairs data-random.
The first part of the error is always the same, because
pit depends on the data.
so the DR part is a 40% of
For NR = 10, as in the simulations, errξnoise = 140./RR,
p
the DD part. For NR = 20, as in the LRG, errξnoise = 480./RR, so the DR part is now a
20% of the DD part.
We have tried to add the error due to the signal quadratically or linearly, and it fits better
for the linear adjust. However, we want to use this approach at large σ, where the signal part
is not significant. For small σ scales, JK and MC coincide so we can just use JK error in LRG.
For a binning of 5Mpc/h, rf it = 95 and for 1Mpc/h, rf it = 25.
We fit different parameters that we can extract from the ξ(π, σ) in the simulations using
MC errors or the analytical form and we obtain the same constraints. In the next section, we
will see the differences between errors.

9.4

Study of the errors

In this section we see the differences between the different errors, and covariances.
First, we can see the octant catalog used for the mock divided in 63 jackknifes zones, with the
same area and approximate shape; and the SDSS DR6 catalog divided in 73 jackknife zones
(see Fig.9.1).
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Figure 9.1: Left panel: JK zones for the LRG catalog (equatorial coordinates). Right panel: the mock
catalog with its JK zones

9.4.1

Errors in ξ(π, σ)

In Fig.9.2 we show the differences in the diagonal error between MC, JK and the analytical
form, when binning the correlation function with 5Mpc/h. MC error is calculated using MICE
simulation and JK is the mean over all the JK that we have calculated in each mock. JK
works well for small σ but it becomes higher than MC when going to large σ. The analytical
form agrees at all scales with MC error. We have done the same analysis with the halo simulations from Durham, which have bias as LRG, and the conclusions are exactly the same, see
Fig.9.3. After these plots from simulations, we see in Fig.9.4 and 9.5 the error JK obtained
from the real LRG data using a random catalog 10 and 20 times denser than the data, and the
analytical form. Again, the JK error is bigger than the analytical one, which is representative
of the true error. Note the similarity between the errors in the data and in the simulations.
If we use a random catalog 20 times denser, as we do for the analysis of the data, the error is
clearly lower, as we see in Fig.9.5.
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Figure 9.2: Diagonal error in ξ(π, σ) in redshift space for MICE simulations and binning 5Mpc, with
contours ξ = 0.002 − 0.1 (log increment=0.2)

Figure 9.3: Diagonal error in ξ(π, σ) in redshift space for Durham simulations (contours as Fig.9.2)

Figure 9.4: Diagonal error in ξ(π, σ) in redshift space for LRG data and random catalog 10 times the
data (contours as Fig.9.2)
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Figure 9.5: Diagonal error in ξ(π, σ) in redshift space for LRG data and random catalog 20 times the
data (contours as Fig.9.2). As we can see, error is reduced increasing the number of particles in the
random catalog
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We next show similar plots, but for a binning of 1Mpc/h, which we use on small scales (for
r<40 Mpc/h). In this case there is no covariance between points, but the error increases, a
way to compensate the lack of covariance. In Fig.9.6 we see the comparison between errors
in MICE simulations, Fig.9.7 shows the same in Durham simulations with bias, where we see
that JK works well at small π and σ, while the analytical form is optimal for the rest of scales.
After that, a comparison between JK and the analytical form in LRG with random catalog
10 times denser (Fig.9.8), and 20 times denser (Fig.9.9). Finally, we see this comparison for a
slice in redshift from z=0.15-0.34, where there are fewer particles, and consequently the error
increases (Fig.9.10).

Figure 9.6: Diagonal error in ξ(π, σ) in redshift space for MICE simulations and binning 1Mpc, with
contours ξ = 0.02 − 0.6 (log increment=0.2). When decreasing the bin in our calculation, the error
increases, but there is not covariance in this case.

Figure 9.7: Diagonal error in ξ(π, σ) in redshift space for Durham simulations (contours as Fig.9.6)

In the real LRG data, we use the JK error obtained from the same data for small scales σ,
the analytical approach for large scales σ and π , and if needed (for the binning=5Mpc/h), the
covariance from MICE simulations, which does not depend on the signal, but in the distance
between points.
So far we have shown diagonal errors. The covariance is in fact small, this can be seen
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Figure 9.8: Diagonal error in ξ(π, σ) in redshift space for LRG data and random catalog 10 times the
data (contours as Fig.9.6)

Figure 9.9: Diagonal error in ξ(π, σ) in redshift space for LRG data and random catalog 20 times the
data (contours as Fig.9.6). As we can see, error is reduced increasing the number of particles in the
random catalog

in Figure 9.11 where we show the MC covariance. It has the same approximate shape and
amplitude for all the points.
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Figure 9.10: Diagonal error in ξ(π, σ) in redshift space for LRG data from redshift 0.15 to 0.34 and
random catalog 20 times the data (contours as Fig.9.6). The error is bigger than in the catalog of all
LRG

Figure 9.11: Covariance of ξ(π, σ) at the position σ = 30M pc/h, π = 30M pc/h, with contours 0.1
(solid), 0.3 and 0.5
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Error in the monopole ξ0 (s)

The error in the monopole is not easy to predict theoretically, but in this case JK error
works well. We plot in the left panel of Fig.9.12 the monopole when we bin the data with a
separation 5Mpc/h (black for the simulations, red for LRG data). At the right panel, we see
the difference between the mean JK error and its dispersion (solid line with errors) and the
MC error (dashed line), and over-plotted the JK error for the LRG (color). The covariance
for the monopole is plotted in Fig.9.13, not completely smooth for the MC case, because we
would need probably more than 216 simulations, but we see that it has the same shape than
JK covariance, which we will use to fit our LRG data. JK covariance is smoother than the
MC because we have taken the mean over 216 x 63 realizations (216 mocks x 63 JK zones),
which seems enough to converge. The next two plots show the same comparison but with a
bin of 1Mpc/h (Fig.9.14 and Fig.9.15). JK error also works in this case, and we see that the
error is higher here than in the 5Mpc/h bin, while the covariance is smaller, practically equal
to zero. As we can see, the error for LRG is larger than the one in simulations, since the
signal is also higher due to bias. The distinction between blue and red line is the number of
the particles in the random catalog (NR ), which does not change the estimation of the error.

Figure 9.12: Left: Monopole ξ(s) with errors for MICE simulations (black lower signal) and for LRG
(red higher signal) using a bin=5Mpc/h. Right: Diagonal error for MICE simulations (JK with
dispersion solid black line, MC dotted black line) and for LRG data (red for NR = 10 and blue for
NR = 20)

Figure 9.13: Covariance MC and JK for the monopole of ξ(s) for MICE simulations and binning=5Mpc/h
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Figure 9.14: Same as Fig.9.12 but bin=1Mpc/h

Figure 9.15: Covariance MC and JK for the monopole of ξ(s) for MICE simulations and binning=1Mpc/h
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Error in the quadrupole Q(s)

In the quadrupole, the JK error also works well, as we can see in Fig.9.16 and Fig.9.17 for
5Mpc/h and 1Mpc/h binning. The solid line with errors shows the JK error and its dispersion,
the dotted line is the MC error, and the color and lower line is the JK error in LRG data.
The error for LRG data, in the quadrupole, is lower than the simulations one, again because
it is proportional to the signal, and in this case, LRG signal is lower (since Q(s) depends on
β which depends inversely on bias).

Figure 9.16: Left: Q(s) with errors for MICE simulations (black higher signal) and for LRG (red lower
signal) using a bin=5Mpc/h. Right: Diagonal error for MICE simulations (JK with dispersion solid
black line, MC dotted black line) and for LRG data (red and blue for NR = 10 and NR = 20)

Figure 9.17: The same as Fig.9.16 for bin=1Mpc/h
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Errors in the projected correlation function Ξ(σ)

We calculate the projected correlation function Ξ(σ) for each mock integrating through π
the redshift space correlation function ξ(π, σ), and we also calculate the JK error. Then we
look at the difference between the MC dispersion and the mean over all the JK errors. In
Fig.9.18, top panel, we see the mean Ξ(σ) over all the simulations (black solid with errors),
and over-plotted in blue the Ξ(σ) for the real LRG data. In the bottom panel we see the
difference between the errors, in the simulations (MC dotted, and JK solid with errors) and
the error JK in the LRG data (blue). MC and JK coincide at the scales where we can use
the Ξ(σ) (below 30Mpc/h), and the error in LRG is higher due to the higher signal in LRG,
highly biased respect to dark matter.

Figure 9.18: Top: Ξ(σ) for the simulations calculated from ξ(π, σ) (black solid with errors) and the
value for LRG data (blue). Bottom: MC (black dotted) and JK (black solid with errors) errors for the
simulations and error in Ξ(σ) for LRG data (blue)

9.4.5

Errors in the real-space correlation function ξ(r)

We now calculate the real-space correlation function ξ(r) from the projected correlation
function Ξ(r) (Eq.(8.23)). In Fig.9.19, top panel, we see the correlation function obtained
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from deprojecting Ξ(r) with errors (black) compared to the real-space correlation function
which we can calculate using the simulations in real space, without redshift distortions (dotted
line). We recover ξ(r) for small scales (below 30Mpc/h). Over-plotted in blue, we see the
real-space correlation function obtained in LRG data, more biased than the simulations as
expected. On the bottom panel, the plot shows the difference between MC (solid with errors)
and JK (dotted) errors, very similar at small scales, and over-plotted the error JK in LRG
data (blue). In this plot, we also see the error MC (solid red with errors) and JK (dotted red)
of the real-space correlation function obtained directly correlating the simulations without
redshift distortions. This error is smaller because we do not have to integrate and deproject
the redshift space distortions, so we keep all the information.

Figure 9.19: Top: ξ(r) for the simulations calculated from Ξ(σ) (black solid), true value (dotted) and
the value for LRG data (blue). Bottom: MC (black dotted) and JK (black solid with errors) errors
for the simulations, error in Ξ(σ) for LRG data (blue) and error JK and MC (red) for the directly
calculated real-space correlation function from simulations.

9.5 Gaussianity in the errors

9.5

89

Gaussianity in the errors

In this section we study the assumption of Gaussianity when we use the chi-squared test
χ2 in ξ(π, σ). We could in principle use the test χ2 despite non-gaussianity, but then the
interpretation requires some changes. We evaluate if the expression ∆ξ(π, σ) = (ξ(π, σ) −
b σ))/σξ used in the estimation of χ2 is Gaussian, where ξ(π, σ) is the value for each MC
ξ(π,
b σ) the mean over all the simulations, and σξ the error calculated using the
simulation, ξ(π,
analytical form (to normalize the expression). Fig.9.20 shows the histogram for all the MC
simulations, and we see that the expression is Gaussian for different values of π and σ and
also for the mean over all the values of π − σ. Now, we know that a reduced chi-squared of 1
is a good fit (χ2r = χ2 /(N − 1)) because the statistics χ2 follows a Gaussian, so we can discard
the models that have bigger values.

b σ))/σξ for different π and σ as
Figure 9.20: Histogram for the relation ∆ξ(π, σ) = (ξ(π, σ) − ξ(π,
indicated in the top of the figures and also the mean over all the range π − σ (bottom right)
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9.6

Peculiar velocities

We have also used the simulations to see how the particles move, and specially we study the
change of the pairwise velocity distribution with distance. We have used MICE simulations
at the comoving output z=0.3, where we have done all the study of errors. We also study the
difference between a comoving output at z=0. and a catalog of halos extracted from the same
redshift, z=0.
First, we show the differences for the velocity distribution: 3D (Fig.9.21), LOS (Fig.9.22)
and perpendicular (Fig.9.23). We see no significant differences between the three outputs, as
we expected. Now we move to the pairwise velocity distribution. In Fig.9.24, 9.25 and 9.26
we can see the LOS pairwise velocity distribution for different separations in real space. The
dispersion is wider for lower distances, but it follows always a quasi exponential form. Its
dispersion is represented in the bottom plot versus distance of separation. We can say that
σv is almost constant for r > 5M pc/h. For redshift 0. we have the same tendencies, but the
dispersion is slightly higher, and for the halos at redshift=0. compared to particles at the
same redshift, we see clearly an exclusion for small scales, due to the method used to identify
halos, friends of friends. At large scales, the dispersion is slightly lower.
The pairwise velocity is similar if we work with particles of dark matter or halos, although
the bias in the clustering is clearly different. This means that at large scales, the velocity
is not biased. And at small scales, the pairwise velocity in halos does not give us information since there is an exclusion. In real data, the pairwise velocities at smaller scales will
depend on the combination halo-halo, halo-satellite and satellite-satellite (explained in §10.1).

Figure 9.21: Distribution of velocities in MICE simulation at z=0.3, z=0. and halos in z=0.

Figure 9.22: Distribution of line-of-sight velocities in MICE simulation at z=0.3, z=0. and halos in
z=0.
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Figure 9.23: Distribution of perpendicular velocities in MICE simulation at z=0.3, z=0. and halos in
z=0.
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Figure 9.24: Top: Pairwise LOS velocity distribution for the comoving output at z=0.3, for different
separations in real space, as indicated in the figure. Pairwise velocities < 0 mean that particles are
falling to each other in LOS direction , > 0 mean that they are going away from each other. Bottom:
Dispersion in the velocity distribution when we change the distance between particles
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Figure 9.25: Pairwise LOS velocity distribution for the comoving output at z=0., as in Fig.9.24
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Figure 9.26: Pairwise LOS velocity distribution for the halo comoving output at z=0., as in Fig.9.24
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Validity of the models

Apart from studying the errors, we use the simulations to test the methods that we will
apply to real data (LRG) in the following chapter. We want to study if we recover the input
parameters.
We first calculate the 2-point real-space correlation function and compare it to the input
model that describes the simulation. We recover it perfectly. After that, we look to the ratio
ξ(s)/ξ(r) between the redshift space and real space, which should be a function of the distortion parameter β for large scales and for the distant observer approximation, as in Eq.(8.24).
In Fig.9.27 we have plotted the mean ratio over the simulated mocks, with its error, and
over-plotted in red the expected value for the ratio at β = 0.62 as in the input model (see
§9.1). It seems to converge below 10Mpc/h, which is in agreement with other analysis (see
Fig.13 in Hawkins et al. 2003). We could obtain β from the ratio ξ(s)/ξ(r), but it is difficult
in real data since we do not have direct information of the real-space, only through integration
of the anisotropic ξ(π, σ) through the line-of-sight (see §8.5).

√
Figure 9.27: Mean ξ(r)/ξ(s) over MICE mocks with errors (of the mean, scaled as 1/ nsim), and
Kaiser prediction for large scales for β = 0.62, corresponding to the input model (red)

As we will explain later (§10.5), we prefer to obtain β and σv contours from the quadrupole
Q(s) defined in Eq.(8.17). For the simulations, β = 0.62 (see §9.1) and σv is near 400km/s at
large scales (see Fig.9.24). If we fit the quadrupole obtained to all the mocks, we obtain the
correct value for β and a little biased σv to higher values, probably because we are obtaining
an effective σv which also accounts for the values at lower scales, although at 1 − σ is consistent. At the top panel in Fig.9.28, we show the mean contour β − σv which is the average
over the individual contours in each simulation, obtained from Q(s); at the bottom panel, we
see the best fit over-plotted over the mean Q(s) with the MC errors.
√
MC errors correspond to a single mock, while errors in the mean value are N times
smaller (N=216 in our simulations). In the bottom panel of Fig.9.28, we plot the errors cor-
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responding to a single mock.

Figure 9.28: Top panel: Mean best fit β − σv to MICE quadrupole Q(s). Bottom panel: Q(s) with
MC errors (points), and best model (red)

From large scales, we obtain the shape of the correlation function, defined by Ωm and
the amplitude, as explained in §10.6. As we have seen in chapter 8 we can not rely on the
projected correlation function at large scales, or the recovered real space correlation function,
so the only way to extract information about the shape of the real space correlation function
using the same data is from ξ(π, σ). We try to recover Ωm and the amplitude (bias=1 in this
case) for each mock once marginalized with σv and β. We arrive to the conclusion that small
scales are not useful to determine Ωm , as expected, since it is at large scales where Ωm changes
mostly the shape. Moreover, fingers of God and also the non-linear bias affect small scales. If
we use large scales until around 100Mpc/h, the obtained Ωm is biased to lower values, prob-
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ably because we introduce the BAO peak which is not well modeled by the simplest halofit
model, or because of the wide angle approximation, that can bias the parameters for large σ
(perpendicular direction). The best place to fit Ωm and a linear amplitude independent on
scale is then for intermediate scales from 20Mpc/h to 60Mpc/h to be safe from non-linear bias
and extracting an angle of 30-40 deg from the line-of-sight, where fingers of God can alter the
information.
For small scales, we calculate the projected correlation function Ξ(σ) and the recovered
real-space correlation function ξ(r). In our simulations we can calculate directly the real-space
correlation function, which is the one expected for dark matter, and we can also calculate
ξ(π, σ) with the redshift distorted simulations, and through the integration of ξ(π, σ) to π
direction, obtain indirectly Ξ(σ) and ξ(r). In real data, we only have the second option, so
we use the simulations to see if the recovered ξ(r) is the same as the one directly calculated.
We recover it with high precision almost completely apart from large scales (see Fig.9.19), as
expected (see Ch.8). However, the errors are higher when we recover the real-space correlation
function than when we obtain it directly, as seen in Fig.9.19.
Finally, we plot ξ(π, σ) at small scales and large scales for the mean over MICE mocks in
Fig.9.29, and over-plotted in solid lines the best model (using Eq.(8.14)). For σ larger than
5Mpc/h we use the effective σv = 400km/s while for σ lower than 5Mpc/h we use a different
σv (as seen in Fig.9.24) for each σ constant along the LOS π. With this simple approximation,
we get to reproduce the observed FOG. When dealing with real data, we explain a method,
proved with simulations, to calculate this σv at small scales (see §10.7.1). The model works
incredibly well even at small scales, except from large scales in σ direction there are some
changes probably due to wide angle approximation, and the model does not explain the peak
at LOS direction, since our model does not include non-linearities that can be important in
the BAO peak, although in Fig.9.30 it seems that this difference can be explained by noise,
where we have used the MC errors. We also plot the monopole in the BAO and the linear
model (dashed black and color lines), and we see that the monopole is modified by redshift
distortions and non-linear effects. We will see this later on.
As we have said, in the bottom panel of Fig.9.29 we see the ξ(π, σ) for the mocks, which
have the same selection function, although a more compact area, than real LRG data (see
Fig.9.1 for a plot of the difference in area). We see that the obtained correlation (colored)
differs from the distant observer approximation theory (lines) at large σ and π ∽ 0. The
redshift space correlation in real surveys, which are not located at infinite, depends on π and
σ, but also on the angle between galaxies θ and the angle γz between the direction LOS (at
θ/2) and the vector which goes from galaxy 1 to galaxy 2 (following the notation used in
Matsubara 2000a). In distant observer approximation we assign to the angle between galaxies
the value θ = 0. Matsubara (2000a) studies the differences between the real correlation and
the approximated correlation for distant observers. In general, the approximation is good
for angles θ below 10 deg, which include all the zone we are using for our analysis in LRG
data (the worst case comes from the closest galaxies at z=0.15, where σ ∽ 80M pc/h for
θ = 10deg). The correlation also depends on γz . We can see in Fig.9 of Matsubara (2000a)
a comparison between the real correlation, which depends on the distance between galaxies
and both angles described above, and the distant observer correlation function, used in this
work, which depends only on π and σ. Each position in the 2 dimensional π − σ is a mixing
of different θ and γz , because there is a range in redshift, but we can explain qualitatively
the lack of power of the observed correlation respect to the distant observer approximation
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theory at large σ and π ∽ 0.
We conclude that all the methods that we use from now to obtain parameters from LRG
are validated by simulations.
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Figure 9.29: ξ(π, σ) for the MICE simulation. The contour colors are -0.05, -0.01, -0.005, -0.001, 0,
and 0.001 to 20 with 20 equally spaced logarithmic bins
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√
Figure 9.30: Top panel: Mean ξ(sLOS ) (solid black) for the simulations, with errors (= errMC / N )
and over-plotted the linear distorted model in the LOS with σv = 600km/s (solid blue). We also plot
the monopole (dashed black) and the linear model in dashed blue (We have multiplied the monopole
for a bias=3 to distinguish clearly the monopole from the LOS correlation) Bottom panel: We plot
ξ(sLOS )s2 in order to see better the peak. The solid green line corresponds to σv = 400km/s. We also
plot ξ(s)s2 with bias=3 (dashed lines)

Chapter 10

Luminous Red Galaxies analysis
The luminous red galaxies (LRG’s) are selected by color and magnitude to obtain intrinsically red galaxies in SDSS (Eisenstein et al. 2001). These galaxies trace a big volume, around
1Gpc3 h−3 , which make them perfect to study large scale clustering. LRG’s are supposed to
be red old elliptical galaxies, which are usually passive galaxies, with relatively low star formation rate. They have steeper slopes in the correlation function than the rest of galaxies,
since they reside in the centers of big halos, inducing non-linear bias, dependent on scale, for
small scales. They are well known galaxies, so they represent a good chance to use it as dark
matter clustering tracers.
In this work we use the most recent spectroscopic SDSS data release, DR6 (AdelmanMcCarthy et al. 2008), to perform a study combining all the scales of the anisotropic 2-point
correlation function, and its derivatives projected correlation function, real-space correlation
function, and different order redshift space multipoles; with the subsequent studies of linear
bias at large scales to obtain cosmological parameters, and non-linear bias at smaller scales.
As we will see, we can break the degeneracy between bias and σ8 present in the correlation
function thanks to redshift distortions anisotropies, and look at the growth history and possible modifications of the gravity. We also obtain information from the baryon acoustic peak
in the line-of-sight (LOS), which could be enhanced by magnification bias, and only depends
on H(z) in the radial direction, obtaining independent information of Ωm and the dark energy
equation of state parameter w(z), through the variations of the peak location. We have crosscorrelated LRG’s with WMAP in order to investigate the ISW effect again, obtaining a high
signal as in the first part of the thesis compared to current theories. We can break the degeneracy bias − σ8 and study the growth history using the cross-correlation between temperature of
CMB and galaxies wT G , both from another point of view than the used in redshift distortions.
We should point out that the spectroscopic LRG catalog used in this part of the thesis is
different from the photometric sample that we used before, not only in the number of galaxies,
but also in the selection function in redshift. Photometric LRG’s are supposed to be at higher
redshifts, around z=0.5, than the spectroscopic redshift (z=0.35).
In this work, we define the parameters we assume during all this work, which are motivated
by recent results of WMAP, SNIa and previous LSS analysis: ns = 0.98, Ωb = 0.045, h = 0.72.
We will use the power spectrum analytical form for dark matter by Eisenstein & Hu (1998),
and the non-linear fit to halo theory by Smith et al. (2003).
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Clustering of LRG

Galaxy clustering allows us to study different phenomena at each scale. On large scales, the
density fluctuations are small enough to be linearized, and there we can constrain cosmological
parameters, since we can assume that the clustering is described by dark matter. On smaller
scales, we can learn about the relation of galaxies to dark matter through the biased clustering
of halos. This range of distances can be fitted by a power law, but there are small deviations
that can be understood in the theory of the halo occupation distribution. The transition
between galaxy pairs of the same halo and galaxy pairs that belong to different halo, occurs
around 1Mpc/h. When moving to scales smaller than 1Mpc/h, in the 1-halo term, we can see
processes more complex that modify the galaxy clustering, such as dynamical friction, tidal
interactions, stellar feedback, and other dissipative processes.
The same LRG’s (but with reduced area) have been studied from different points of view.
Tegmark et al. (2006) have done an analysis of the power spectrum at large scales to obtain
cosmological parameters. Zehavi et al. (2005) study LRG’s at intermediate scales (0.3 to
40Mpc/h), where they calculate the projected correlation function, the monopole and realspace correlation function to study mainly the linear high bias, the non-linear bias and the
differences between luminosities, remarking that there are differences from a power law for
scales smaller than 1Mpc/h. At smaller scales, Eisenstein et al. (2005a) do a cross-correlation
between spectroscopic LRG with photometric main sample in order to reduce shot-noise in
small scales clustering, obtaining mainly the same conclusion than in the intermediate scales.
Finally, Masjedi et al. (2006) deal with very small scale clustering to scales smaller than 55”
by cross-correlating the spectroscopic LRG sample and the targeted imaging sample and find
that the correlation function from 0.01-8Mpc/h is really close to a power law with slope -2, but
there are still some features that diverge from the power law. The small scale slope depends
on the interplay between two factors which control how the correlation function of galaxies is
related to that of the underlying matter : the number of galaxies within a dark matter halo
(HOD) and the range of halo masses which contain more than one galaxy (Benson et al. 2000).
LRGs are to be found in halos with the median of the distribution occurring at 3 1013 M⊙ /h,
estimated using weak lensing measurements (Mandelbaum et al. 2006). 25% of LRGs at z =
0.24 are satellite galaxies (Almeida et al. (2008)), which play an important role in the pairwise
velocity dispersion, which also provides information about galaxy formation and evolution.
Slosar et al. (2006) show that pairwise velocity distribution in real space is a complicated
mixture of host-satellite, satellite-satellite and two-halo pairs. The peak value is reached at
around 1Mpc/h and does not reflect the velocity dispersion of a typical halo hosting these
galaxies, but is instead dominated by the sat-sat pairs in high-mass clusters. Tinker et al.
(2007) use the halo occupation distribution framework to make robust predictions of the pairwise velocity dispersion (PVD). They assume that central galaxies move with the center of
mass of the host halo and satellite galaxies move as dark matter. The pairs that involve central galaxies have a lower dispersion, so the fraction of satellites strongly influences both the
luminosity and scale dependence of the PVD in their predictions. At r ∽ 2 Mpc/h, the PVD
rapidly increases as satellite-satellite pairs from massive halos dominate. At r < 1 Mpc/h, the
PVD decreases with smaller separation because central-satellite pairs become more common.
Li et al. (2006) conclude that the reddest galaxies move in the strongest gravitational fields.
While working in this part of the thesis, Okumura et al. (2008) published the first application of the anisotropy in the 2-point correlation function including the baryonic features,
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to obtain constraints in cosmological parameters. They use the DR3 spectroscopic sample
of LRG’s to calculate the 2-point correlation function with a different definition than the
one used here (Matsubara 2004) and fit for large scales using the linear Kaiser model, from
40Mpc/h to 200Mpc/h, excluding the FOG zone. They claim that it can be obtained a direct
measurement of the growth function from Kaiser anisotropy and Da (z) and H(z) from the
baryon acoustic peak anisotropic, with improved LRG data. The constraints are weak by
now, but fitting all the anisotropic 2-point correlation function including the baryonic feature
enable to divide the effect of the redshift distortions into dynamical and geometrical components. The anisotropy due to geometric distortion contributes to better estimation of the
equation of state of the dark energy.

10.2

BAO detection

Eisenstein et al. (2005b) detected the baryon acoustic peak in the 2-point correlation function using LRG’s. Hütsi (2006a,b) use LRG’s to constrain cosmological parameters in the
power spectrum, including the baryonic peak. Percival et al. (2007a) have analyzed also the
LRG’s using both 2dF and SDSS. Padmanabhan et al. (2007) used the photometric catalog
to work with a bigger set of LRG’s with photometric redshifts, obtaining also cosmological
constraints, the same as Blake et al. (2007), which work with the MegaZ-LRG, a photometricredshift catalog of luminous red galaxies based on the imaging data of the SDSS DR4.
With large samples, the BAO can be used as a standard ruler to get parameters such as
Ωm , through the comoving distance-redshift relation (Blake & Glazebrook 2003). Percival
et al. (2007b) obtain a value for Ωm from the position of the BAO peak in LRG’s. However,
non linear effects act to wash out the oscillations at higher k due to mode coupling (Meiksin
et al. 1999, Seo & Eisenstein 2005). Many works have been done in this direction in the
power spectrum (Jeong & Komatsu 2006, Padmanabhan & White 2008). They all say that
non-linearities are important in the baryon acoustic oscillations. Crocce & Scoccimarro (2008)
perform a modeling also in the 2-point correlation function. Nonetheless the problem is aggravated by the need to model scale dependent galaxy bias, which may have already become
the strongest limitation on the use of large scale structure information to obtain constraints
on cosmological parameters (Sánchez & Cole 2008). A recent work, Sanchez et al. (2008),
analyze the relation between the acoustic peak in the two-point correlation function and the
sound horizon scale, which can be different by few %, and which is the better statistic to use
to constrain the dark energy equation of state, the correlation function or the power spectrum,
arriving to the conclusion that all the effects applied to the 2-point correlation function only
change the shape, and not the location of the peak, while the analysis is more difficult in the
power spectrum. In this work, we just use the location of the peak, and not the overall shape.
LRG’s have also been analyzed at higher redshifts (z=0.55) with the 2dF-SDSS LRG and
QSO Survey (2SLAQ, Cannon et al. 2007). Ross et al. (2007); da Ângela et al. (2008); Wake
et al. (2008) analyze the redshift distortions in the LRG’s and quasars for this catalog. For
part of our analysis we have followed the method explained in Hawkins et al. (2003), an extensive analysis of the redshift distortions in the 2dF catalog.
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Luminous Red Galaxies data

SDSS luminous red galaxies (LRG’s) are selected on the basis of color and magnitude to
have a sample of luminous intrinsically red galaxies that extends fainter and farther than
the SDSS main galaxy sample. Eisenstein et al. (2001) gives an accurate description of the
sample.
LRG’s are targeted in the photometric catalog, via cuts in the (g-r, r-i, r) color-colormagnitude cube. Note that all colors are measured using model magnitudes, and all quantities
are corrected for Galactic extinction following Schlegel et al. (1998).
The galaxy model colors are rotated first to a basis that is aligned with the galaxy locus
in the (g-r, r-i) plane according to:
c⊥ = (r-i) - (g-r)/4 - 0.18
c|| = 0.7(g-r) + 1.2[(r-i) - 0.18]
Because the 4000 Angstrom break moves from the g band to the r band at a redshift z ∽
0.4, two separate sets of selection criteria are needed to target LRGs below and above that
redshift:
Cut I for z <∽ 0.4
rPetro < 13.1 + c|| / 0.3
rPetro < 19.2
|c⊥ | < 0.2
mu50 < 24.2 mag arcsec−2
rP SF - rmodel > 0.3
Cut II for z >∽ 0.4
rP etro < 19.5
|c⊥ | > 0.45 - (g-r)/6
g-r > 1.30 + 0.25(r-i)
mu50 < 24.2 mag arcsec−2
rP SF - rmodel > 0.5
Cut I selection results in an approximately volume-limited LRG sample to z=0.38, with
additional galaxies to z ∽ 0.45. Cut II selection adds yet more luminous red galaxies to z ∽
0.55. The two cuts together result in about 12 LRG targets per deg2 that are not already in
the main galaxy sample (about 10 in Cut I, 2 in Cut II).
We k-correct the r magnitude using the Blanton program ’kcorrect’ 1 . We need to k-correct
the magnitudes in order to obtain the absolute magnitudes and eliminate the brightest and
dimmest galaxies. We have seen that the previous cuts limit the intrinsic luminosity to a
range −23.2 < Mr < −21.2, and we only eliminate from the catalog some few galaxies that
lay out of the limits. Once we have eliminated these extreme galaxies, we still do not have
a volume limited for high redshift galaxies, but we suppose that the variations in luminosity
just change the overall shape in the clustering.
In Fig.10.1, we show the distribution of LRG’s in redshift. We show the comoving density
in Fig.10.3 once we have removed the brightest and dimmest galaxies, which are plotted in
Fig.10.2, absolute magnitude and redshift.
1

http://cosmo.nyu.edu/blanton/kcorrect/kcorrect help.html
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Figure 10.1: dN/dz of LRG galaxies

Figure 10.2: Absolute magnitude vs redshift

In Fig.10.4 we can see the distribution of galaxies for the main sample, z=0.15-0.47, and
in Fig.10.5 the redshift space clustering in a slice of dec=32-40deg. We compare it with the
same slice random to see clearly the clustering in the data.
We have masked the catalog using at the first step the photometric DR6 mask, based on
the number of galaxies per pixel. In previous works we saw that the mask that we obtain
statistically by dropping out the pixels with small number of galaxies gives the same correlation function that the one obtained by extracting the polygons masked by the SDSS team.
After that, we compare our masked catalog to the LRG spectroscopic catalog, and we extract
manually the zones where there are artificially few galaxies, because the fibers trace a little
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Figure 10.3: Comoving density vs redshift

different mask than the photometric catalog. We are very careful in the mask in order not to
extract valuable information.
This rough mask could imprint spurious effects at very small scales, but we are not interested
in these scales where fiber collisions in the redshift catalog are limiting our analysis, for distances less than 55arc sec, less than 0.3Mpc/h at the mean redshift of LRG data, z=0.35. We
obtain 75,000 galaxies for the final catalog, from z=0.15 to z=0.47.
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Figure 10.4: Density distribution of galaxies in the main catalog, z=0.15-0.47
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Figure 10.5: Slice in dec=32-40deg showing ra vs redshift
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Estimation of the anisotropic 2-point correlation function

We use the ξ estimator of Landy & Szalay (1993),
DD − 2DR + RR
(10.1)
RR
to estimate the 2-point correlation function in redshift space, with a random catalog 20
times denser than the SDSS catalog. The random catalog has the same redshift distribution as
the data, but smoothed to avoid the elimination of intrinsic correlations in the data, and also
the same mask. We count the pairs in bins of separation along the line-of-sight (LOS), π, and
across the sky, σ. The LOS distance is just the difference between the comoving distances in
the pair. The perpendicular distance √
between the two particles corresponds approximately to
the mean redshift. It is exactly σ = s2 − π 2 , where s is the distance between the particles.
(see Fig.10.6). We use the wide-angle approximation, as we had the catalog at an infinite
distance, which is accurate until the angle of separation is 15deg for the quadrupole and
below for the ξ(π, σ), about 10 degrees (see Szapudi 2004 and Matsubara 2000a). This is
more than σ = 100M pc/h for our mean catalog. We do not use the information provided
by the baryonic scale in σ direction because it could be affected by wide angle corrections.
In Fig.10.7 we can see the obtained ξ(π, σ) for LRG DR6 catalog, and for MICE simulations
(with a linear bias=2 to see similarities visually). As expected, simulations have less noise
because we have done the mean over 216 simulations. Moreover, the distortion parameter β is
higher in the simulations than in data because of the high bias of LRG, as can be seen in the
the shape of the 2-point correlation function, more flattened as β increase. In next sections
we will analyze all the information hidden in this figure.
ξ(σ, π) =

Figure 10.6: Illustration of the parallel and perpendicular separations between two objects
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Figure 10.7: 2-point anisotropic redshift correlation function ξ(π, σ) for LRG galaxies in DR6 catalog
and MICE simulations (with a linear bias =2, in order to be similar to LRG). Contours are -0.5 to
-0.004 with logarithmic bin of 0.4, 0. (over-plotted), 0.003 to 40. with bin=0.4
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Quadrupole result

We can calculate the multipoles of the 2-point redshift-space correlation function, enhancing
different angles of the anisotropy between the LOS and the perpendicular direction. We have
tested with models that the monopole ξ(s) and quadrupole ξ2 (s) and even the combination
ξ2 (s)/ξ(s) depend strongly not only on β, σv , but also on other parameters like the shape
of the correlation function (for example, Ωm ), the non-linear bias and the overall amplitude.
On the contrary, the quadrupole Q(s), defined in Eq.(8.17) only depends strongly on σv and
β, but not on the bias. So when using the quadrupole we do not need an expression for the
non-linear bias and Ωm (the shape) to extract information. In §9.4.3 we have shown that JK
errors work very well here.
First, we can measure β using the large scales in the quadrupole where there is no dependence in σv . In the range 40 − 80M pc/h, β = 0.34 ± 0.06; for 50 − 80M pc/h, β = 0.32 ± 0.08
; and for 40 − 100M pc/h, β = 0.34 ± 0.05. In Fig. 10.8 we see the quadrupole with jackknife
errors at large scales and the error obtained in β, translated to the quadrupole.

Figure 10.8: Q(s) with errors (points with errors) and best fit for β translated to quadrupole (red
dotted)

As mentioned above, the quadrupole only depends strongly on β and σv . It does not
depend on linear bias because it is canceled, and it does not depend much on the shape of
the 2-point correlation function (Ωm and other parameters) and the non-linear bias for small
scales. We have tried to fit β and σv using all the scales in the quadrupole, fixing Ωm (which
in our model means fixing the shape of the real-space correlation function) and we use a power
law form for the non-linear bias. When we change the shape of the ξ(r) in the model (that
is Ωm for large scales and non-linear bias for small scales) , we obtain the same contours for
β − σv , so we arrive to the conclusion that the quadrupole is a good estimator to find β − σv
separately from the other parameters, which are degenerate with them in ξ(π, σ).
We fit the quadrupole above 5Mpc, because it is a reliable scale where we do not see
differences when fitting from larger scales. Below this minimum scale, σv can change, and
despite modifying minimally the quadrupole at larger scales, it can bias the measure of β,
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Figure 10.9: Best fit for σv and β for the quadrupole Q(s) distances between 5-60Mpc/h

Figure 10.10: z=0.15-0.3, Best fit for σv and β for the quadrupole Q(s) distances between 10-60Mpc/h,
β = 0.34, σv = 370.

which constrained with σv has better errors.
We have fit β − σv for different slices in redshift. First, we divide the catalog in 3 redshift
slices: z=0.15-0.3, z=0.3-0.4, z=0.4-0.47. And then, we divide it in 2 redshift slices: z=0.150.34, z=0.34-0.47. The fitted values σv and β are similar in all the redshift slices. (see table
10.1)
Sample
z=0.15-0.47
z=0.15-0.34
z=0.34-0.47
z=0.15-0.3
z=0.3-0.4
z=0.4-0.47

β
0.310-0.375
0.290-0.360
0.310-0.380
0.305-0.385
0.290-0.350
0.290-0.375

σv (km/s)
365-415
330-400
350-405
330-420
340-390
330-425

Table 10.1: Marginalized values for β and σv to 1-σ errors for each sample in redshift
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Figure 10.11: z=0.3-0.4, Best fit for σv and β for the quadrupole Q(s) distances between 5-60Mpc/h,
β = 0.32, σv =360.

Figure 10.12: z=0.4-0.47, Best fit for σv and β for the quadrupole Q(s) distances between 10-60Mpc/h,
β = 0.34, σv =380.

Figure 10.13: z=0.15-0.34, Best fit for σv and β for the quadrupole Q(s) distances between 10-60Mpc/h,
β = 0.33, σv = 370.
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Figure 10.14: z=0.34-0.47, Best fit for σv and β for the quadrupole Q(s) distances between 5-60Mpc/h
β = 0.34, σv = 370km/s
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Fitting at large scales

As we have seen in chapter 8 we can not rely on the projected correlation function at large
scales, or the recovered real space correlation function, so the only way to extract information
about the shape of the real space correlation function using the same data is from ξ(π, σ).
We use models that vary with Ωm , amplitude, σv and β at large scales (from 20 to 60Mpc/h,
approximately). The amplitude Amp refers to the factor b(z)σ8 , where b(z) is the bias at
redshift z. b(z) and σ8 are completely degenerated in the correlation function, also with the
growth factor D(z). In fact, what we obtain from observations, is b(z)σ8 D(z), but D(z) is
known for each cosmology and the median redshift of the slice. We extract the FOG zones, to
be safe we eliminate from our analysis an angle of 40 deg from LOS. This way, we have proved
using simulations that we can use linear bias and the σv and β found using the quadrupole.
If we do this fit without β − σv information, we see strong degeneracies. First, between β
and σv , since β higher can be corrected by also incrementing σv , because β tends to flatten
the anisotropy while σv tends to stretch it when we approach the zone of FOG. Because we
have chosen a region which is slightly dependent on the random peculiar velocities, we can
not distinguish among β and σv . We also see a strong degeneracy between Ωm and σv (directly correlated). The linear amplitude is independent of σv , but it is degenerated with β
(inversely), and with Ωm (directly). Finally, β and the amplitude are inversely degenerated.
When we fit ξ(π, σ), we use for each theoretical Ωm distances calculated using a cosmology
with that Ωm in order to be consistent, although there is not a significant change from using
always the same cosmology for the calculation. We do not see any difference when fitting
ξ(π, σ) with models with non-linear bias or linear bias. This is because we are safely located
at large scales, although in general in redshift space there is a mixing of scales.
In the plots shown in Fig.10.15 (for the catalog ALL), we have marginalized each contour
using the rest of parameters, with subsequent degeneracies explained in the previous paragraph. When we marginalize we suppose that the probability goes like exp(−χ2 /2). Because
σv is completely degenerate and we only have fitted for this range of σv , the other contours
are limited by the chosen σv . These figures just want to show the strong degeneracies between
parameters, but we are really interested in the contour Ωm − Amp once we marginalize using
the contour β − σv obtained from Q(s) in §10.5. In Fig.10.15 there are two panels which show
contours Ωm − Amp. The first one when marginalizing among the rest of parameters obtained
in the fit at large scales (top right panel). The second one shows the result if we marginalize
with β − σv from Q(s).
In the rest of plots, for different redshift slices (see Fig.10.16, 10.17, 10.18, 10.19 and
10.20), we only show the contours obtained for Ωm − Amp once we have marginalized σv and
β with the contours obtained in the quadrupole Q(s) fitting of previous section. In table 10.2
we have annotated the marginalized 1-σ errors for the amplitude Amp and for Ωm .
If we try to fit to larger scales, we obtain always a biased low Ωm compared to the one we
obtain in the scales before the acoustic peak, probably because the wide-angle approximation
but possibly also because non-linear effects on the BAO peak and large sample errors. We
have seen this effect in the simulations, where we see that the best part to obtain parameters
is at intermediate-large scales. In Okumura et al. (2008) they use all the large scale range
including the baryonic peak without non-linear model, and they obtain lower values for Ωm
than the recent results. In order to avoid this problem, as said before, we fit at intermediate
scales.
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Sample
z=0.15-0.47
z=0.15-0.34
z=0.34-0.47
z=0.15-0.3
z=0.3-0.4
z=0.4-0.47

Amp
1.52-1.65
1.50-1.62
1.58-1.78
1.60-1.75
1.43-1.53
1.63-2.00

Ωm
0.235-0.255
0.245-0.270
0.230-0.280
0.265-0.295
0.235-0.255
0.205-0.285

Table 10.2: Marginalized values for Amp and Ωm to 1-σ errors for each sample in redshift

Note how the best fit values of Amp seem to change from sample to sample. This could be
due to bias. The values of Ωm agree within 1 − σ for 2 degrees of freedom (dotted lines).
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Figure 10.15: Top left panel shows ξ(π, σ) for the data (as colors) and over-plotted the best fit (solid
lines) obtained in the zones delimited by the orange line. Yellow contour show negative zones. We see
also the contours for Ωm − Amp marginalized for the rest of parameters, or marginalized for β − σv
from the quadrupole Q(s), and the degeneracies between the other parameters used in the fitting once
we marginalize for the rest of parameters (without using the quadrupole information). Solid lines are
1 − σ, 2 − σ and 3 − σ (1 dof), and dotted lines 1 − σ and 2 − σ (2 dof)
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Figure 10.16: z=0.15-0.3. Best fit and contour Ωm − Amp once marginalized for β − σv from the
quadrupole Q(s)

Figure 10.17: z=0.3-0.4. Best fit and contour Ωm − Amp once marginalized for β − σv from the
quadrupole Q(s)

Figure 10.18: z=0.4-0.47. Best fit and contour Ωm − Amp once marginalized for β − σv from the
quadrupole Q(s)
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Figure 10.19: z=0.15-0.34. Best fit and contour Ωm − Amp once marginalized for β − σv from the
quadrupole Q(s)

Figure 10.20: z=0.4-0.47. Best fit and contour Ωm − Amp once marginalized for β − σv from the
quadrupole Q(s)
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Fitting σ8 or the modified gravity growth index γ

First, we try to obtain a fit to the parameter σ8 , which we can separate from the bias b(z)
because of redshift distortions, following the equation
β≡

Ωm (z)γ
f (z)
=
b(z)
b(z)

(10.2)

explained in the theoretical section (§8.1). We use the prediction Ωm − Amp from large
scales and the value of β from Q(s), with γ = 0.55 for standard gravity with high accuracy.
As Amp = σ8 b(z), we obtain σ8
σ8 =

βA
Ωm (z)0.55

(10.3)

where
Ωm (z) =

p

Ωm (1 + z)3 + 1 − Ωm

(10.4)

Here we assume a flat universe (WMAP results motivated) with a constant dark energy
equation of state characterized for w = −1.
We marginalize for the errors we have and obtain the 1-sigma errors for σ8 shown in
Fig.10.21, on the bottom, with colors Gray: All the catalog, Red: z=0.15-0.34, z=0.34-0.47,
Blue: z=0.15-0.3, z=0.3-0.4, z=0.4-0.47. There is a lower σ8 deviation for the middle slice,
but it is consistent with the others at 2 − σ level. On the top of the same figure, we obtain
the bias b(z) from the amplitude and σ8 . The linear bias b(z) is clearly higher as we move to
higher redshifts, and it is consistent with previous results found also with LRG.

Figure 10.21: b(z) and σ8 for each slice in redshift, which range is plotted in the figure. Gray: All the
catalog, Red: z=0.15-0.34, z=0.34-0.47, Blue: z=0.15-0.3, z=0.3-0.4, z=0.4-0.47
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We could also assume a value for σ8 which is also known from other observations, such as
WMAP, and assume that the observations can be explained by changes in the law of gravity
at cosmological scales (Linder 2005). This can be represented by the growth index γ. Both
f (z) and the growth factor D(z) changes with γ. We have plotted the change of f and D with
γ in Fig.10.22 for redshift=0.34 (mean redshift in LRG) and Ωm = 0.25. From observations,
we have measured σ8 b(z)D(z), if we now fix σ8 we can have an estimation of b(z)D(z) as well
as our estimation of β. We therefore can use this to calculate the product f (z)D(z) directly
from the combination β(b(z)D(z)), see Eq.(10.2).
We have assumed that the change comes from a different γ and not from a different
equation of state for dark energy. This is a good approximation because w only depends
slightly on γ (Linder 2007). We show in Fig.10.23 our estimation of 1− σ errors for the growth
index γ once we fix σ8 =0.7, 0.8, 0.9 . As shown in Fig.10.22, the product f (γ)D(γ), at a given
redshift, decreases with γ. If we change the value σ8 to higher, the factor β b(zslice) D(zslice)
obtained from observations will be lower, and we will arrange the difference by reducing f D,
so increasing γ. In §13.7 we will see as the argument goes in the opposite way when we work
with ISW effect. At 2−σ and for all the redshift slices, γ is consistent with a standard gravity,
except for σ8 = 0.7 where we need 3 − σ for the last slice, favoring a σ8 clearly higher than
0.7, which is in agree with recent observations.

Figure 10.22: We see here the change of f and D with γ and the factors involved in redshift distortions
and ISW effect. We have fixed Ωm = 0.25 and z = 0.34
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Figure 10.23: Growth index γ for different redshift slices as in Fig.10.21 when we fix σ8 = 0.7, 0.8, 0.9
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Fitting to small scales and non-linear bias

When we move to small scales, we find the following problems. First of all, the bias becomes clearly dependent on scale for distances smaller than 10-20Mpc/h, because LRG are
galaxies highly biased so they only keep the linear bias constant at large scales. Secondly,
the model that we are using is supposing that the pairwise velocity dispersion is independent
of scale, which is not a good approximation for small scales as we have seen in the simulations.
In Fig.10.24 we see the projected correlation function Ξ(σ) calculated using Eq.(8.19) on
the top panel, and at the bottom panel we have plotted Ξ(σ)/σ which as seen in Eq.(8.21)
should be a power law in the case that the real space correlation function is also a power law.
In Fig.10.25 we show the resulting real-space correlation function which we have calculated
using Eq.(8.23) (in blue) and over-plotted the monopole in redshift space (in orange). At
intermediate scales, from 5 to 30 Mpc/h (the top value limited by the method to obtain ξ(r)),
ξ(s) is equal to ξ(r) but biased by a constant factor, as in Eq.(8.24), due to Kaiser effect.
We see this constant bias at intermediate scales in Fig.10.26, where we divide the correlation
function in redshift space and real space ξ(s)/ξ(r), and we can associate it to a function of β
(solid line shows β = 0.34, the best value for the redshift slice z=0.15-0.47). The agreement
is excellent, which provides a good consistency check for our results. Note that we prefer to
obtain β from the quadrupole, which seems to be more stable at large scales. The difference
between the real and redshift space correlation function for small scales is primordially due
to the random peculiar velocities.
First, we fit the obtained real space correlation function to a power law, ξ(r) = (r/r0 )−γ0 ,
from 1Mpc/h to 15Mpc/h. At scales smaller than 1Mpc/h the fit is bad, it is no longer a
power law. In Fig.10.27 we see the contour plot for 1 − σ, 2 − σ and 3 − σ (for 1 and 2 degrees
of freedom, dotted and solid) and in Fig.10.28 we see the real space correlation function, the
best model (red) for the power law and the dark matter correlation function obtained from
best parameters in §10.6 which is corrected for a linear bias. Large scale and small scale
fittings agree as we can see in the plot, and the correlation function does not follow a power
law for distances smaller than ∽ 1Mpc/h, where we can see the transition from the one-halo
to the two-halo term.
Zehavi et al. 2005 did a similar analysis with a previous SDSS spectroscopic data release
(35000 LRG’s) at intermediate scales from 0.3 to 40Mpc/h. We have doubled the number
of LRG’s and our results agree with them for the monopole, the projected correlation function, and the obtained real-space correlation function, with the same main conclusions. Also
Eisenstein et al. (2005a), in a study of small scales (0.2-7Mpc/h) using the cross-correlation
between spectroscopic LRG with the main photometric sample, remark that ξ(r) can not be
explained with a power-law fitting. However, Masjedi et al. (2006) have obtained the correlation function at very small scales (0.01-8Mpc/h) and have found that, although with some
features diverging from a power law, all the range is really close to a ξ(r)−2 .
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Figure 10.24: Ξ(r), Ξ(r)/r
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Figure 10.25: ξ(r) (blue dots) and ξ(s) (orange dots)

Figure 10.26: ξ(s)/ξ(r)
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Figure 10.27: Best fit of ξ(r) to a power law model ξ(r) = (r/r0 )−γ0 , 1-15Mpc/h

Figure 10.28: Observed ξ(r) (dots), best fit to the power law ξ(r) = (r/r0 )−γ0 (red), and dashed
over-plotted the best real space correlation function for large scales, assuming a constant bias

We know from simulations with halos that the non-linear bias typically follows a powerlaw, which has a different slope γb depending on the halo mass of the particles studied, and
many other parameters concerning galaxy formation. LRG are assumed to be red galaxies
that trace halos of 1013 M⊙ , but there is a wide range of halos masses, and the non-linear bias
shows us these properties. We define the bias as
b(r) =

p

ξ(r)/ξ(r)DM = b bnl (r)

(10.5)

where the dependence on scale of the bias is represented by bnl (r), and the linear constant
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bias as b. bnl (r) shows the relation between the LRG real space correlation function to the
dark matter once corrected by just linear bias. When bnl (r) is equal to 1, it means that the
bias is linear from there, so we define a parameter rb for the power law which shows the
scale from which non-linearity begins to be important. rb coincides approximately with the
correlation length, where the real space correlation function is 1. To compute the non-linear
bias we need the dark matter correlation function and the linear bias, which we have taken
from the fitting at large scales. We have calculated the bias for all the Ωm and amplitudes.
Then we marginalize over them. In Fig.10.29 we see the contours for rb and γb (left panel),
and the best fit (red in the right panel). This fit to the bias can explain the differences seen
previously between the correlation function and a power law for scales smaller than 1Mpc/h.
At scales smaller than 0.3Mpc/h, the real space correlation function turns down probably
due to fiber collisions. In detail, we see in Fig.10.29 a feature in the bias between 1 and
2 Mpc/h, indicating that LRG’s galaxies do not trace the halo model in a scale dependent
bias completely smooth. We have tried to change σ8 , fixed for this analysis at σ8 = 0.8,
and we observe that we could see this feature if the true σ8 , imprinted in the galaxies, is
lower than the assumed value 0.8, but the characteristic shape would be located at 1Mpc/h
and no higher. Moreover, we have found that σ8 tends to be slightly higher than σ8 in the
previous section, which goes in the opposite direction. We think that it is difficult to obtain
σ8 in this range, and that this feature is due to the range of halo sizes of our LRG’s, which
makes it difficult to predict exactly the transition point from the 1-halo to the 2-halo term
(see Gaztañaga & Juszkiewicz 2001). If galaxies are residing within dark matter halos then
the clustering of the galaxies on scales larger than halos is determined by the clustering of the
dark matter halos that host them, plus statistics of the occupation of halos by galaxies. For
larger scales than ∽ 2Mpc/h (the biggest halos), the clustering comes entirely from LRG’s
that reside in different halos, while for smaller scales, the clustering can come from galaxies
in different halos or galaxies in the same halo until it is reached a minimum size of halos (see
Masjedi et al. (2007) for a more detailed explanation).

Figure 10.29: Left panel: Best fit to no linear bias bnl (r) (defined in the text) with a power law
bnl (r) = (r/rb )−γb . Right panel: No linear bias bnl (r) (solid line with errors in gray) and best power
law fit (red). We have also over-plotted in dashed line the bias obtained if we suppose that the galaxy
correlation function is a power law

10.7.1

Measurement of σv as a function of scale

Once we have obtained the real space correlation function, we look at the monopole ξ(s),
the quadrupole ξ2 (s) and also at ξ(π, σ) in order to check the result. We see in Fig.10.30 the
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monopole ξ(s) (top panel) and quadrupole ξ2 (s) (bottom panel) binning the distance with
0.2Mpc/h, and over-plotted in red the theoretical model, which we have found integrating
ξ(π, σ). We have used the method of Hamilton (Eq.(8.14)) which gives a shape for ξ(π, σ)
given a real-space correlation function and the parameters obtained in the previous sections.
The monopole does not coincide with the model for scales smaller than 3Mpc/h, neither does
the quadrupole; this difference indicates that σv is higher at smaller scales as shown in Fig.9.24
for the simulations.
We use ξ(s) to fit a value for σv at each distance and we use the same pairwise velocities
to check for consistency the discrepancy found in ξ2 (s) (bottom panel in Fig.10.30).
We have tested this method in the simulations. In Fig.9.24 we can see the dispersion in the
LOS pairwise velocity for all the range of distances. We plot in Fig.10.33 the monopole of the
simulation (solid) and different models (dotted) with different σv , growing down. The idea is
that we can not distinguish between different σv at large scales, from 5Mpc/h to 10Mpc/h the
monopole follows a line of constant σv near 400 km/s, and for smaller scales, the monopole
cross different lines of constant σv . This is the range of σv dependent on the scale. The dispersion σv at such small scales changes with the real distance, not with the redshift distance
s which we are analyzing in the monopole. The result in a fixed distance in redshift space is a
convolution of the signal at different real distances, with different σv , so we are approximating
the result when we obtain the real σv from the monopole. Nevertheless, we see in simulations
that the change that we observe in the monopole gives an estimation of σv for the real scale
r = s because we recover the expected values of σv .
These errors we have plotted are correlated with the same covariance that we used in
the monopole (Fig.10.31). As seen in §10.1, Slosar et al. (2006) show that pairwise velocity
distribution in real space is a complicated mixture of host-satellite, satellite-satellite and twohalo pairs. The peak value is reached at around 1Mpc/h and does not reflect the velocity
dispersion of a typical halo hosting these galaxies, but is instead dominated by the sat-sat
pairs in high-mass clusters. Tinker et al. (2007) uses the HOD model to explain that at r ∽
2 Mpc/h, the PVD rapidly increases as satellite-satellite pairs from massive halos dominate.
At r < 1 Mpc/h, the pairwise velocities dispersion decreases with smaller separation because
central central-satellite pairs become more common. These predictions agree well with our
results.
The effect in the quadrupole Q(s) is not significant at the scales where we obtain the
contour β − σv , where we assume that σv does not change, although it explains the difference
we see at small scales.
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Figure 10.30: Monopole ξ(s) (dots) with errors (gray) and best model assuming a constant σv (red).
Bottom panel: Quadrupole ξ2 (s) (dots) with errors (gray), best model assuming a constant σv (red)
and model assuming variation in σv with scale (blue) derived from the monopole ξ(s) in the top panel
(see Fig.10.31)
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Figure 10.31: σv vs distance, calculated directly from the monopole

Figure 10.32: Dispersion calculated from monopole in simulations (solid) compared to the calculated
directly from velocity field in simulations (dashed)
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Figure 10.33: Monopole in the simulations (solid) and different models with MICE cosmology changing
the random pairwise velocity dispersion σv (dotted)
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Consistency of σ − π model with data

Now we look directly at ξ(π, σ) at small scales once we have all the parameters, to see if
the model works when we separate π and σ, for all the angles. We have used a binning of
0.2Mpc/h for these plots, in order to see clearly the fingers of God, which are concentrated
at very small σ. First, we can see the detailed plot of ξ(π, σ) in Fig.10.34.

Figure 10.34: ξ(π, σ) calculated using squares in π − σ of side=0.2Mpc. Contours are: 0.1-50 with
logarithm separation=0.6

In the next three figures 10.35, 10.36 and 10.37, we can see the differences between the
data and the model in three cases. Top panels from left to right show: the data as colors; the
data and the model over-plotted as solid line; and the model as colors. Bottom panels show:
the same as in the top but we have zoomed the σ direction to see clearly the fingers of God.
First (Fig.10.35), we compare the data with a model that assumes linear bias (found fitting
large scales) and a constant pairwise velocity dispersion of σv (obtained from the quadrupole
Q(s)). We see clearly that it does not fit, basically because the bias becomes non-linear. Part
of the apparent fingers of God are corrected just adding the non-linear bias in the model. In
the second model (Fig.10.36), we compare the model that we obtained using the real space
correlation function just found, which includes all the non-linear effects. We still need to
explain the strong elongation we see in the direction line-of-sight, which we correct with the
third model (Fig.10.37). We include the variation in σv assuming that σv is constant along
the line-of-sight for a fixed σ (perpendicular distance). In reality, different real scales, each
with its associated σv , can effect to the same redshift space scale s, but it has been found in
previous studies that this is a good approximation, as we see in the figures.
It is difficult to model ξ(π, σ) if σv is dependent on scale, but we have seen that the change
in σv only effects small s (less than 4Mpc/h) and small perpendicular σ. For the rest of values
of π and σ, we can explain the observed ξ(π, σ) just by a β and an effective σv , which in
reality does not change a lot on real scales bigger than 4M pc/h. Figures 10.38, 10.39, 10.40,
10.41 and 10.42 show the best third model, for different redshift slices. All the cases agree
well with observations.
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Figure 10.35: ξ(π, σ) (z=0.15-0.47) modeled with a linear bias in the real-space correlation function.
Top:data, data+model, model . Bottom: the same zoomed in σ

Figure 10.36: ξ(π, σ) (z=0.15-0.47) modeled with real-space correlation function obtained from deprojection. Top:data, data+model, model . Bottom: the same zoomed
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Figure 10.37: ξ(π, σ) (z=0.15-0.47) modeled with real-space correlation function obtained from deprojection and σv dependent on scale. Top:data, data+model, model . Bottom: the same zoomed

Figure 10.38: ξ(π, σ) (z=0.15-0.3) modeled with real-space correlation function obtained from deprojection and σv dependent on scale. Top:data, data+model, model . Bottom: the same zoomed
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Figure 10.39: ξ(π, σ) (z=0.3-0.4) modeled with real-space correlation function obtained from deprojection and σv dependent on scale. Top:data, data+model, model . Bottom: the same zoomed

Figure 10.40: ξ(π, σ) (z=0.4-0.47) modeled with real-space correlation function obtained from deprojection and σv dependent on scale. Top:data, data+model, model . Bottom: the same zoomed
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Figure 10.41: ξ(π, σ) (z=0.15-0.34) modeled with real-space correlation function obtained from deprojection and σv dependent on scale. Top:data, data+model, model . Bottom: the same zoomed

Figure 10.42: ξ(π, σ) (z=0.34-0.47) modeled with real-space correlation function obtained from deprojection and σv dependent on scale. Top:data, data+model, model . Bottom: the same zoomed

10.8 Different redshift slices

10.8

137

Different redshift slices

We look at the differences between the redshift slices in the monopole (Fig.10.43), in the
monopole BAO scale (Fig.10.44), in the projected correlation function Ξ(σ) (Fig.10.45), in
the real-space correlation function ξ(r) (Fig.10.46) and in the division ξ(s)/ξ(r) (Fig.10.48).
As we have seen in section 10.5, β is similar for all the redshift slices, and we can see also
that in Fig.10.48, which at large scales also is a function of β (Eq.(8.24)). The turn down
at large scales is due to ξ(r) which is dividing and it is not well calculated for scales larger
than 30Mpc/h (it is overestimated). Thus, the monopole is approximately a measure of the
real-space correlation function for large scales, but biased by a function of β similar for all
the slices. Looking at the monopole (Fig.10.43), also at the projected correlation function
(Fig.10.45) and at the real-space correlation function (Fig.10.46) we see that all the slices
except from the further one (blue dash-dot) lay in the same line, meaning that D(z)b(z) is
almost constant with redshift, what is called stable clustering. We see the baryon peak in
detail in the monopole ξ(s) (Fig.10.44), which is consistent with the first detection of the
same peak in LRG (Eisenstein et al. 2005b). The peak is biased for slices further away. On
bottom panel we have over-plotted the best lineal fit (Eisenstein & Hu 1998) which is lower
than measurements probably due to sampling variance. We study the peak with more detail
in §10.10.
In Fig.10.46 we also see that the change of the slope at small scales moves to larger scales
as we explore further slices, we think that it is due to geometry since it is the same angular
scale. We have also plotted the bias b(z) for all the slices (Eq.(10.5)). It is clear that b(z)D(z)
are nearly constant, thus b(z) grows with redshift as we see in Fig.10.47. The slope in the
non-linear bias is nearly the same, so the small scale interaction between galaxies is nearly
the same, as expected.
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Figure 10.43: Comparison between ξ(s) in redshift space for different slices in redshift. All: black,
z=0.15-0.3 (solid blue), z=0.3-0.4 (dashed blue), z=0.4-0.47 (dashed-dotted blue); z=0.15-0.34 (solid
red), z=0.34-0.47 (dashed red)
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Figure 10.44: Comparison between the BAO peak in ξ(s) for different slices in redshift. All: black
dots with errors, z=0.15-0.3 (solid blue), z=0.3-0.4 (dashed blue), z=0.4-0.47 (dashed-dotted blue);
z=0.15-0.34 (solid red), z=0.34-0.47 (dashed red). Top: Detail of the BAO peak in ξ(s). Bottom:
Large scales for ξ(s) compared to the best fit linear model for the principal redshift slice (solid line)
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Figure 10.45: Comparison between the projected correlation function Ξ(σ) for different slices in redshift. All: black, z=0.15-0.3 (solid blue), z=0.3-0.4 (dashed blue), z=0.4-0.47 (dashed-dotted blue);
z=0.15-0.34 (solid red), z=0.34-0.47 (dashed red)

Figure 10.46: Comparison between ξ(r) in real space for different slices in redshift. All: black, z=0.150.3 (solid blue), z=0.3-0.4 (dashed blue), z=0.4-0.47 (dashed-dotted blue); z=0.15-0.34 (solid red),
z=0.34-0.47 (dashed red)

10.8 Different redshift slices

141

p
Figure 10.47: Comparison between the bias b(z) = ξ(r)/ξ(r)DM (as in Eq.10.5) in real space for
different slices in redshift. All: black, z=0.15-0.3 (solid blue), z=0.3-0.4 (dashed blue), z=0.4-0.47
(dashed-dotted blue); z=0.15-0.34 (solid red), z=0.34-0.47 (dashed red)

Figure 10.48: Comparison between ξ(s)/ξ(r) for different slices in redshift. All: black, z=0.15-0.3 (solid
blue), z=0.3-0.4 (dashed blue), z=0.4-0.47 (dashed-dotted blue); z=0.15-0.34 (solid red), z=0.34-0.47
(dashed red). The constant solid black line shows the Kaiser expression for ξ(r)/ξ(s) at large scales
(as a function of β, see Eq.(8.24)) for β = 0.34

142

10.9

10 Luminous Red Galaxies analysis

Angular correlation and cross-correlation with WMAP,
ISW effect

In this section we explore the angular correlation function and also the ISW effect through
the cross-correlation between galaxies and fluctuations of temperature in WMAP. We point
out that the catalog used here is the spectroscopic LRG, while the work done in the first part
of the thesis uses the photometrical catalog of LRG, which has a different selection function,
centered at a higher redshift (z=0.5). As seen in the theoretical section 8.6, the angular
auto-correlation function GG goes like
wGG ∝ σ82 φG (z)2 b(z)2 D(z)2

(10.6)

and the cross-correlation function between galaxies and CMB temperature fluctuations
wT G is proportional to
wT G ∝ σ82 φG (z)b(z)D(z)

d[D(z)/a]
dz

(10.7)

where
d[D(z)/a]
= D(z)(1 − f )
dz

(10.8)

Both expressions wGG and wT G are proportional to σ82 because this factor comes from
the normalization of the power spectrum, but wGG is proportional to (φG (z)b(z)D(z))2 while
(from
wT G is proportional to (φG (z)b(z)D(z)) (from the clustering of galaxies) and d[D(z)/a]
dz
the evolution of gravitational potentials).
We find the signal wT G higher than expected (see Fig.10.49 for the redshift slice z=0.150.34), a clear tendency that has been seen before (see Giannantonio et al. 2008 for a compilation of ISW observations). The high signal wT G could be due to: σ8 higher, Ωm lower,
non-linear effects, bias between matter and galaxies different from the one obtained from
galaxies-galaxies, non-linear bias, different form of dark energy as w > −1 (see §6 for some
hints in this direction), modified gravity at cosmological scales, or non-linear magnification
(linear magnification is not expected to affect ISW at low redshifts, Loverde et al. 2007).
The signal to noise is not very high so we can not obtain tight constraints, but we can
have an idea of what is creating this high signal. We study two reasons: a change in σ8 or a
change in the growth index γ. We have also studied these two parameters in the section of
redshift distortions and we want to see if results are compatible.
We can break the degeneracy between b(z) and σ8 in the auto-correlation function wGG
(proportional to b2 σ82 ) by combining the result with wT G which depends differently on these
two parameters, as bσ82 . We suppose that the factor b(z)D(z) = b(z = zslice)D(z = zslice)
is constant through all the redshift slice to be consistent with the previous section of redshift
distortions.
We start from wGG : we fix the shape (Ωm = 0.25) and find the factor b(z = zslice)D(z =
zslice)σ8 which should be equal to the one found in previous sections when analyzing redshift
distortions, since we are working with the same galaxies LRG. Once we prove that it is the
same value within the errors, we assume a flat universe, we fix the dark energy equation of
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state parameter w to w = −1, and fix standard gravity (γ = 0.55). Now we can explain the
wT G observed by changing σ8 , and we can break the degeneracy of σ8 with bias b(z) in a way
completely independent from the one used in the section of redshift distortions. In Fig.10.49,
we have plotted at the top left the auto-correlation wGG and over-plotted the best fit obtained
from redshift distortions, on the top right wT G and the best fit for σ8 plotted on the bottom
left panel versus χ2 , where we see that σ8 tends to prefer higher values than the standard ones
and also higher than the value σ8 obtained in previous sections, but it is consistent within
1 − σ errors (χ2 = 1). We only plot the redshift slice z=0.15-0.34 because the others have a
higher noise.
Now we see how we can explain the observed ISW signal if it is due to a modification of
gravity.
Once we know D(z = zslice)b(z = zslice) from the angular auto-correlation function
wGG or from redshift distortions, we fix σ8 = 0.8 and look for γ. We suppose that w(z)
changes slightly with γ and that almost all the variation with γ in ISW comes from the factor
D(1 − f ) (see the theoretical section 8.6 for a detailed explanation). See the bottom right
panel in Fig.10.49 for χ2 vs γ. Both D and (1 − f ) grow with γ, so also D(1 − f ) grows
with γ (see Fig.10.22). If we want to obtain a higher signal, once fixed the rest of parameters, we can increase σ8 or increase D(1 − f ) for a low fixed σ8 , equivalent to increase γ.
The conclusion is the following: if we fix σ8 to a higher value, we need a lower value for γ;
while for redshift distortions, if we fix σ8 to a higher value, we need γ to be also higher. It
seems to be a promising tool because both ways to obtain growth histories seem to go in opposite direction, and we will be able to break degeneracies in future surveys with best ISW signal.
From these observations, we conclude a preference for higher σ8 , or equivalently, a higher
ISW unexpected in the standard model.
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Figure 10.49: z=0.15-0.34. wGG , wT G , χ2 for σ8 and χ2 for γ once we assume σ8 = 0.8
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Evidence of magnification bias in the BAO

We expect a peak around 100Mpc/h in the real-space correlation function, which is also
imprinted in the anisotropic redshift space ξ(π, σ), produced by baryon oscillations (see §8.7).
If we measure the peak in the radial direction, we find directly information about H(z), since
dr = dz/H(z), while transforming angular separations involves the angular-diameter distance
DA (z). In real data, recent surveys have used the averaged power spectrum or the monopole
to do predictions, which position constrains cosmological parameters through a combination
of H(z) and DA (z) (also dependent on H(z)) (see Eisenstein et al. 2005b). In ξ(π, σ), the
differences between the perpendicular and parallel positions translate to an almost circular
ring at around 100Mpc/h, although the peak is enhanced differently at each angle, because
of redshift distortions. The peak is detected with higher signal if the galaxies are more biased
and they trace a bigger volume, the reason why LRG are good galaxies to locate the position
of the peak. Moreover, in the π − σ plane, specially in the LOS direction, where we want to
detect the peak, the error is dominated by shot noise. This means that the noise does not
increase proportionally to signal, so if we increase the signal, we will have more signal to noise.
In the following plots (Fig.10.50, 10.51) we see the redshift-space correlation function
ξ(π, σ) for the complete catalog (z=0.15-0.47, top panel Fig.10.50), and for three different
slices in redshift (z=0.15-0.3, bottom panel Fig.10.50; z=0.3-0.4, top panel Fig.10.51 and
z=0.4-0.47, bottom panel Fig.10.51). For large scales, in the context of linear theory, we
should see less power at the BAO scale when we approach the line-of-sight direction π, as we
can see in the left panel of Fig.10.52, where we have plotted the linear model for the anisotropic
ξ(π, σ) using cosmological parameters similar to the ones derived in previous sections. Instead
of that tendency, we see a baryon peak ring of equal amplitude (except for the intermediate
slice z=0.3-0.4, with low S/N, where we do not see the ring). Moreover, the peak in the
line-of-sight direction seems to be higher than in the rest of the ring. In this section we try to
explain the reason of such a peak and we use the location to gain information about H(z). We
only believe our results for s lower than 130Mpc/h, since we have seen in the monopole that
after the baryon peak, there is too much power which could be due to selection effects (see
Fig.10.44) and systematic errors could dominate over the statistical errors. On scales smaller
than 130 Mpc/h these systematic errors have been shown to be smaller than statistical errors
(Eisenstein et al. 2005b). Note that in separating σ from π in the data we have assumed planeparallel approximation. This introduces a distortion of the BAO scale in the perpendicular
direction σ > 100M pc/h when π is small. This can be clearly seen in the plots, where there
is an artificial concentration of signal in the direction of 30 degrees away from π = 0 at radial
scales r ≃ 100M pc/h. In reality this signal is distributed along smaller angles in the same
radial bin. Thus, we do not extract information from the perpendicular direction σ at the
BAO scale, since it could be affected by wide-angle effects. We explain in §10.11 how some
strange features at large σ, like apparent X shape, can be explained by wide angle effects.
(see Fig.9 in Matsubara 2000a). But we can use the monopole measurements which are not
affected by these distortions (eg see Fig.10.43, 10.44). To convert z into distances we use a
fiducial model of Ωm = 0.25 through all the chapter.
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Figure 10.50: ξ(π, σ) Top panel: z=0.15-0.47 (all). Bottom panel: z=0.15-0.30 . Distances in Mpc/h
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Figure 10.51: ξ(π, σ) Top panel: z=0.30-0.40. Bottom panel: z=0.40-0.47 . Distances in Mpc/h
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Figure 10.52: Theoretical ξ(π, σ) Left panel: Linear model with redshift distortions. Right panel: The
same with magnification bias (slope=2)

We have looked statistically to the significance of this detection, through the null test: the
probability that such an event to be by chance different to 0. (the null result). We need this
probability to be very low in order to have significance in the signal (3 − σ corresponds to a
probability of 1%). We find that the detection is significant (more than 3-σ) around the peak
LOS in a circle of s=10Mpc/h, taking into account the covariance between points.
Once we know that the peak is significant, we try to explain the reason of such a big peak.
It is not possible to explain this BAO peak in the direction of LOS only through redshift
distortions in the linear regime, which predict a lower peak in the LOS than in the perpendicular direction. The peak in the monopole is described essentially for the modes in the
perpendicular direction, and it is 10 times lower (∽ 0.01) than in the LOS! (∽ 0.1), just in
the contrary direction. We need to point out that it is precisely at the direction LOS where
the errors are bigger, but the signal is even higher, as we have seen in the null test.
We think that the peak is primarily due to magnification bias (see §8.8), the effect caused
by the dark matter which acts as a gravitational lense for the light coming from further galaxies. It can create an enhance of number of galaxies per pixel due to the lensing that allows
us to see dimmer galaxies, and a suppression of the number of galaxies due to the growth
of the area, which excludes some galaxies. The final net lensing is controlled by the slope
in the number counts (Eq.(8.40)). This effect is really important at large scales and it is
concentrated at the direction LOS, just where we are looking for. We only account for the
cross-term, since the auto-magnification term is insignificant for our purpose.
In order to calculate the slope in the spectroscopic catalog LRG, we need information from
dimmer galaxies than the limit of our catalog, to obtain the number count slope at exactly
the magnitude cut (Eq.(8.40)). We take the photometric catalog, and with a similar selection
in colors (adapted to photometry, explained in Chapter 6), we can calculate the slope, since
we have dimmer galaxies in this new catalog. Because the photometric catalog is different
from the spectroscopic one, we must take care when interpreting the slope. In Fig.10.53,
we see the galaxy number counts depending on the apparent magnitude r and the logarithm
of this expression, which indicates the slope. Our magnitude cut is around 19.2, where the
slope is around 1.5. This is a rude estimation, but gives us an idea about the slope, which is
clearly different from zero, thanks to the low magnitude cut (see Matsubara 2000b for more
predictions of the slope s).
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Figure 10.53: Number counts for each apparent magnitude and slope

Right panel in Fig.10.52 shows the theoretical model ξ(π, σ) (plotted at left panel) with
linear bias magnification. We see how the LOS direction is affected by this contribution, and it
can enhance the peak. Nonetheless, we have compared models with linear magnification bias
with the data, and it is not well explained with an slope around 2. We think that it can be
arranged with some non-linear contribution, which would affect the signal in a multiplicative
way, or just with cosmic variance.
Fig.10.54 shows the correlation in the LOS direction for a squared bin of 5Mpc/h in the
π − σ plane (starting from σ = 0.5M pc/h to avoid the fiber collision zone), moving the center
of the bin 1Mpc/h each time in π (LOS direction) in order to have more precision. The top
panel is in logarithmic scale to show a wider range of distances. We have plotted the correlation LOS in black (negative zones are dotted in the top panel), in blue the linear model
assuming σv = 600km/s, although in the top panel we have also plotted extreme models with
σv = 400km/s (lower) and σv = 800km/s (higher) (we see that this range can be explained
by a combination of σv dependent on scale. Since the bin is 5Mpc/h, FOG are not so evident
as in §10.7.2, where we have proved that a change in σv dependent on scale, explains the FOG
observed). The linear model alone can not explain the peak, but if we add the cross-term µg
(cyan dashed) to the linear model (redshift distortions) we obtain a higher peak (orange line),
and taking into account the errors (the cosmic variance, dashed orange, bottom panel), the
peak could be explained with a non-linear contribution that enhances more the peak. If we
increase the slope in the prediction of µg, we will have a LOS correlation with progressively
less negative zone. We see clearly a negative zone at intermediate scales, so the best option is
a multiplicative factor which enhances the positive parts, and the negative parts. The peak
in the monopole is wider than the one in LOS direction (see Fig.10.44). This is a consequence of redshift distortions, which flatten the direction LOS and create a negative zone at
intermediate scales (40-100Mpc/h). The peak in LOS comes after a negative range, so it is
clearly observed since it is positive and the peak is more Gaussian, while in the monopole or
the perpendicular direction, the peak is convolved with the typical power law at intermediate
scales (positive), and it is no longer Gaussian.
In Fig.10.55 we have plotted the signal with errors for large scales, around the peak (∽
110Mpc/h). We see clearly the peak except from the intermediate redshift slice, z=0.3-0.4.
Errors are bigger in this slice because we have less volume and less number of pairs (specially
in the radial direction, where we are looking). We have over-plotted the linear prediction at
the direction LOS, multiplied by a factor of 10, to simulate the magnification effect.
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Figure 10.54: correlation ξ(π, σ) at LOS in black (negative zones are dotted in the top panel), in blue
the linear model assuming σv = 600, although in the top panel we have also plotted extreme models
with σv = 400 (lower) and σv = 800 (higher). Cross-term µg (cyan dashed) added to the linear model
(orange line), and errors over the model (dashed orange in the bottom panel)

10.10 Evidence of magnification bias in the BAO

151

Figure 10.55: Redshift-space correlation function ξ(π, σ) in the direction LOS (solid black) with linear
model multiplied by a factor 10 (solid red), with errors (gray area). We plot also the result for a
different mask explained in the text (dashed line). Redshift slice as indicated in the same figure

In order to see more clearly the peak and the significance just in LOS direction, we plot
(S/N )2 in Fig.10.56, an estimation of χ2 . We have also done the analysis using an angular
mask with 10% less glaxies, which are safely inside “good” plates, and with a radial selection
function smoother than the other one (explained in §10.11). This new case allows us to see
how solid is the result and look for systematic errors. We have over-plotted in Fig.10.55 and
Fig.10.56 the new result (dashed line). We see how for the all sky catalog the systematic
effects can suppress the peak. This can be understood easily since it is a mixture of different
slices in redshifts, which can help to remove the signal.
Once we can explain the origin of the peak, we take advantage of the high S/N in LOS
to obtain cosmological constraints, through the factor H(z). The idea is to compare the well
known measure of the baryonic peak calculated by WMAP5, with the peak that we obtain
using a fiducial cosmology (in our case Ωm = 0.25 and w = −1, although we have tried other
fiducial models and results are the same). In the LOS direction, the only change in the location
is due to H(z), used to estimate the distances from redshifts, dr = dzc/H(z). Following this
argument, we can directly calculate H(z) at the redshift of the survey, comparing the comoving
distance of the survey peak with the WMAP peak.
H(z)real = rsurvey /rW M AP H(z)f iducial

(10.9)

where the peak measured by WMAP5 is r = 146.8 ± 1.8M pc being r the comoving distance,
H(z)f iducial is the one used when computing the comoving distance of the peak in the survey
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Figure 10.56: In this figure we plot the significance of the detection as χ2 = (S/N )2 (solid line) and
χ2 when including the covariance (dotted line). We plot also the results for a slightly different mask
as explained in the text (dashed line). Redshift slice as indicated in the same figure. The gray zones
indicate a 1-σ, 2-σ, 3-σ or 4-σ detection

(rsurvey ),
H(z)/H0 =

q

Ωm (1 + z)3 + (1 − Ωm )(1 + z)3(1+w)

(10.10)

if we suppose a flat universe and a dark energy equation of state constant parameter w.
The difference between H(z)real and H(z)f iducial will tell us about a different Ωm than the
fiducial in our Universe or a different constant w. In order to obtain the error in the peak, we
take the maximum value in (S/N )2 at the BAO scale, and see the range of distances where
χ2 = (S/N )2 > (S/N )2peak − 1, which means 1 − σ from the maximum. When we include
the covariance, the significance is slightly lower, but the errors are still the same. This is
because the covariance with neighbouring bins in the direction LOS is ∽ 20% (dotted line
in Fig.10.56). In Table 10.10 there are the values for the position of the peak for different
redshift slices, the mean statistical error, the systematic error and the corresponding H(z).
We will use the mean peak value among both masks for the following calculations, the mean
statistical error, and added in quadrature the systematic error.
We obtain H(z) from Eq.(10.9), for each slice. In Fig.10.57 we see the H calculated from
the well located peaks. We over-plot the best model from WMAP5: red line shows the best
value for H(z) and errors (orange). The best value in WMAP5 in a flat universe and a constant dark energy equation of state (w = −1) is: Ωm = 0.258 ± 0.03, h = 0.72 ± 0.026. We
see that our estimation of H(z) lays within the errors, but with a tendency of higher Hubble
constant H0 , a higher Ωm , or w(z) depending on time.
We see what happens when we fix Ωm to a fixed value, and fit a constant w for each
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Sample
z=0.15-0.47 (zm = 0.34)
z=0.15-0.3 (zm = 0.24)
z=0.4-0.47 (zm = 0.43)

rΩm =0.25
Mpc/h
109.6
110.5
108.6

σst

σsys

1.6
0.75
0.4

0.6
0.25
0.12

153

H(z)
km/s/Mpc
86.8
83.4
90.0

σst

σsys

1.7
1.2
1.2

1.2
1.0
1.1

Table 10.3: Mean position of the BAO peak in the LOS direction calculated with a fiducial Ωm = 0.25
and statistical and systematic error , and also the derived H(z) with its associated errors for each
redshift slice

redshift slice. In Fig.10.58, we see the constraints in w(z) once we fix Ωm to 0.2 (red), 0.25
(black) or 0.3 (blue), and h=0.72. There is a tendency of w to depend on the scale (higher w
when we approach redshift=0).
We can see the same effect by fixing again h=0.72, assuming a flat universe (Ωm + ΩΛ = 1)
and supposing a constant value for w. We obtain a degenerated relation between Ωm and w
(Eq.(10.10)). We can see the result in Fig.10.59 for different redshifts. Again, we only can
explain this plot by assuming different w for a given realistic Ωm . We point out that Eisenstein et al. (2005b) also obtain a high value for Ωm (the one that better explain a w near -1.)
and their result for w is also higher than the standard w = −1, although the method they
follow is based in an analysis of intermediate and large scales (including the baryon peak) in
the monopole, which constrains the same parameters in another way.
We should take care with the conclusions, because we have not modeled in detail the peak
in the LOS, so the position could be biased. If the position of the peak is biased to higher
values respect to the real sound horizon, we could at least obtain information from the slope
in H(z) through redshift. In this case, it seems that for w = −1, the preferred value would
be between Ωm = 0.2 and Ωm = 0.25 (because the inclination H(z) for higher Ωm is higher).
But if the peak that we see in the LOS is really an indication of the horizon scale, the most
plausible solution is to modify w with z (Fig.10.58).
We think that the use of redshift anisotropies in the BAO peak can constrain better
the parameters H0 , Ωm and w(z) in future surveys. We let to future work the complete
modelization of the BAO peak at all the directions of the plane π − σ.
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Figure 10.57: H(z) obtained from different redshift slices (points with errors), the red line shows the
best value for H(z) from WMAP5, and errors (orange)

Figure 10.58: We fix Ωm to 0.20 (red), 0.25 (black) or 0.30 (blue) and explain the H(z) given in
Fig.10.57 by a constant w at each redshift
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Figure 10.59: Contour Ωm − w obtained from the position of the BAO peak, z=0.15-0.47 (green),
z=0.15-0.3 (blue), z=0.4-0.47 (orange)
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Systematic errors

In this section we look for possible systematic errors that could be imprinted by the radial mask through the line-of-sight, the angular mask, or the selection in LRG galaxies. In
Fig.10.44 we can see an extra power after scales of 130Mpc/h, which is particularly evident for
the slice in redshift z=0.3-0.4. This seems to be important at scales larger than the baryonic
peak, but here we test it in detail.
First, we test the radial selection function that we use for the random catalog. If we
use exactly the same selection function of the data, we suppress the radial modes, the π direction. In Fig.10.60 we can see the differences between different smoothing windows in the
data selection function, and in Fig.10.61 the redshift-space correlation function for these three
smoothing bins. We do not see any significant difference between the three cases.

Figure 10.60: Selection function for data (black histogram) and random smoothing for a bin in redshift
of z=0.02 (red), z=0.05 (green) and z=0.08 (blue)

In Fig.10.62 we look at the difference between the results of Eisenstein et al. (2005b) (in
black) and our results (in red). Our result is consistent with their work although the area has
changed and the selection can also have changed. However, at larger scales than the baryonic
peak, we observe an extra-power. It can be due to a different estimation of he correlation
function which include weighting in their case, or due to the new area, or to the selection
function, which can have slight variations.
We have also calculated the correlation function using a weighting scheme, as the one explained in Eisenstein et al. (2005b). We weight the sample using a scale-independent weighting
that depends on redshift. When computing the correlation function, each galaxy and random point is weighted by 1/(1 + n(z)Pw) (Feldman et al. 1994) where n(z) is the comoving
number density and P w = 40, 000h−3 M pc3 . We do not allow Pw to change with scale so as
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Figure 10.61: Redshift-space correlation using a redshift smoothing in the random selection function
of 0.02 (red), 0.05 (green) and 0.08 (blue)

to avoid scale-dependent changes in the effective bias caused by differential changes in the
sample redshift. We choose Pw at k ∽ 0.05hM pc−1 as in Eisenstein et al. (2005b). At z <
0.36, nPw is about 4, while nP w ∽ 1 at z = 0.47. In Fig.10.63 we can see the comparison
between the correlation function estimated without weighting (solid line) and with weighting
(dotted line). It seems that contrary of what we were looking for, the extra power is higher
in the weighting scheme, which is logical, since we are now giving more importance to the
far pairs, which have a higher bias. In Fig.10.64 we have plotted the anisotropic correlation
function ξ(π, σ) for both cases, showing slight differences.
We have also looked at the angular selection function, the mask. First, we construct a different mask than the original by using a Healpix map, with nside=64 (with pixels of area∽0.8
sq deg). In Fig.10.65 we plot the distribution function for the number of galaxies per pixel.
The pixel is large enough to distinguish between real empty pixels and artificial ones. We only
include pixels that have more than n galaxies (where n=2,6,10). As we can see in the distribution plot, if we include more than 2 galaxies, we are probably including artificially void
zones, which will create extra power and pencil beams at the direction line-of-sight, while
when we include only the pixels with more than 10 galaxies, we are probably excluding some
real voids. In this second case, the density is higher than the real one, so the density contrast
is lower. We can see these effects in Fig.10.66 for the correlation function in redshift space.
We see that the correlation is lower when we increase the minimum number of galaxies (from
red to blue), but we can always see the baryonic peak and the three lines have the same shape
approximately. Our results are similar to the case n > 6, which does not include artificial
voids and does not eliminate real voids. In Fig.10.67 we see the correlation in π − σ, which is
lower when we increase the minimum number of galaxies, and we observe clearly the pencil
beams for the case n=2 through the direction π, when we include artificially voids.
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Figure 10.62: Estimation of the redshift-space correlation function for LRG. In black with JK errors
the result by Eisenstein et al. (2005b), and over-plotted in red our result

The spectroscopic survey of SDSS is observed using circular plates, which contain about
600 fibers each to take spectra. Targets are selected from the photometric survey, although
the spectroscopic survey is not exactly the same as the photometric one. There are some
plates that have not been observed properly due to known problems, which are explained in
the web (http://www.sdss.org). We have extracted from our previously calculated mask all
the galaxies that are not laying inside “good” plates (maskplate1). In Fig.10.68 we can see the
plates (black circles) and the galaxies (red). Moreover, we can also eliminate all the galaxies
that lay inside a bad plate to ensure that we are taking only the really good ones (maskplate2).
This second mask reduces the number of galaxies significantly, and the correlation is then a lot
noisier, but we show here the results. In Fig.10.69 we have plotted the redshift-space averaged
correlation function for the new mask based on spectroscopic plates. Results are very similar to our previous result, in black. Moreover, we over-plot the result for the north stripe of
SDSS, which contains the most significant part of the survey, in blue. The anisotropic redshiftspace correlation function is really similar in all these cases, the reason whey we do not plot it.
We have also tried to extract all the plates that have a large number of galaxies, which
have big clusters, since it is known that big clusters can bias the correlation function. The
result is not significantly modified.
In volume limited surveys, we can estimate the correlation function with a pixelization
scheme. As explained in the first part of the thesis, the correlation function can be estimated
as:
ξ(s) =

X

δG (si )δG (sj )/Npairs (s)

(10.11)

ij

where δG = NG / < NG > −1 and the sum extends to all pairs i,j separated by a dis-
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Figure 10.63: Our previous estimation of the redshift-space correlation function for LRG (solid)
compared to estimation using a weighting as explained in the text (dotted)

Figure 10.64: Our previous estimation of the redshift-space correlation function ξ(π, σ) for LRG (left
panel) compared to estimation using a weighting as explained in the text (right panel)

tance s ± ∆s. We have taken a volume limited part of the selected galaxies, with redshift
z=[0.15,0.38] and absolute magnitude Mr =[-22.5,-21.5] and have calculated the correlation using this method. We have also calculated a similar selection by using the traditional method
with a random catalog. Results are plotted in Fig.10.70, in dotted the new method result,
and in solid the used in the thesis. This is a good test to validate our results, since both come
from different estimators. As we can see, the plots are very similar, and the slight extra power
of the dotted line can be explained by the pixel, which is a square of 10x10Mpc/h, which gives
poor resolution at small scales.
Finally we have divided the catalog in different approximately volume limited slices as indicated in table 10.11 plotted in Fig.10.71. The most and less luminous slices (in the bottom
right and top left) contain fewer galaxies and do not trace properly the baryonic peak, but
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Distribution function of number of galaxies per pixel (nside=64 using the package

Table 10.4: Slices in the plane Mr − z

Sample
S22.50
S22.25
S22.00
S21.75h
S21.75
S21.50h
S21.50
S21.25

M-range
-22.50 -23.00
-22.25 -22.75
-22.00 -22.50
-21.75 -22.25
-21.75 -22.25
-21.50 -22.00
-21.50 -22.00
-21.25 -21.75

Mean M
-22.75
-22.50
-22.25
-22.00
-22.00
-21.75
-21.75
-21.50

mean z
0.43
0.40
0.38
0.35
0.20
0.32
0.18
0.18

z-range
0.35-0.50
0.33-0.48
0.31-0.46
0.27-0.42
0.12-0.27
0.25-0.40
0.10-0.25
0.10-0.25

we see that the red and pink slices, at intermediate redshifts and magnitudes, are the origin
of the extra-power that we see at large scales (Fig.10.72 with the same colors as Fig.10.71).
We have not plotted large scales for the other slices because they are quite noisy. However,
at intermediate scales, we can see clearly the bias due to different intrinsic luminosity, more
biased when more luminous, although bias seems to be independent on scale, in the scales
that we can trust, which we have supposed during all the thesis.
Finally, we have calculated the correlation function limiting the angle between galaxies to
see if wide angle effects disappear. In Fig.10.73, we see the anisotropic ξ(π, σ) without limits
in the angle (top panel), accepting galaxies with θ < 15deg (middle panel) and θ < 10deg
(bottom panel). As we increase the restriction, we see how the σ direction recovers power,
which explains the lack of power we see at σ direction when angles are too big to apply the
distant observer approximation. The angle between galaxies explain part of the distortions
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Figure 10.66: We now define our catalog by including all the pixels that have more than n galaxies
in the Fig.10.65 (n>2 red, n>6 green, n>10 blue) and plot the redshift-space correlation function

due to wide angle effects, specially the ones that are concentrated at small π and large σ,
which affect the first slice considered, from z=0.15-0.3. The angle γz is also important and
can also imprint some modifications at larger π.
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Figure 10.67: Redshift-space correlation function ξ(π, σ) for n>2 (top panel), n>6 (middle panel),
n>10 (bottom panel), as in Fig.10.65
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Figure 10.68: SDSS DR6 survey with our selection of LRG galaxies as red points and the spectroscopic
“good” plates as black circles

Figure 10.69: Redshift-space correlation function for our mask (black), maskplate1 as indicated in
the text (red), maskplate2 (dotted red) and north stripe (blue)
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Figure 10.70: Redshift-space correlation function for a volume limited slice selection of LRG galaxies
with z=[0.15,0.38] and Mr =[-22.5,-21.5]. Solid line shows the result when using a random catalog.
Dotted line shows a new method based on pixelization which validated the previous results

Figure 10.71: We have divided the catalog in different approximately volume limited slices as indicated
in table 10.11. Here we over-plot the slices in the plane Mr − z
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Figure 10.72: Redshift-space correlation function for the different slices plotted in Fig.10.71
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Figure 10.73: Redshift-space correlation function ξ(π, σ) including all the galaxy pairs (top panel),
limiting the angle between galaxies to θ < 15deg (middle panel) and θ < 10deg (bottom panel)

Chapter 11

Conclusions for Part II
a) We have shown with realistic simulations that the normalized quadrupole Q(s) provides
an estimation for the distortion parameter β, and the effective dispersion of pairwise
velocities σv , at large real scales (> 1 Mpc/h) and that this measurement is fairly
independent of other parameters, such as matter density, amplitude or biasing.
b) We show that one can only recuperate the exact real space correlation function for
r < 30M pc/h through the integration of the redshift distortions along the line-of-sight
direction, with actual data. At scales larger than about 30 Mpc/h the recovered correlation is systematically biased. The amplitude of the bias increases with scale and is
close to a factor of 2 on BAO scales.
c) We have found an analytical approximation for the error at ξ(π, σ) (see §9.4.1), ideal for
large perpendicular σ. This approximation have been tested and calibrated with a set
of very large numerical simulations. The JK error is shown to work well only for small
σ < 20M pc/h. For larger σ, JK overestimates the true error.
d) We have proved with realistic simulated mocks (with the selection function of LRG, an
area 1/8 of the sky and 60 JK zones) that JK works well at all the scales for: Q(s),
monopole ξ0 (s), projected correlation function Ξ(σ) and real space correlation function
ξ(r) (see §8). We also test in detailed in §9.7 the range of validity of the tools and
analysis that we will apply to real galaxy samples.
e) Peculiar velocities at large scales are traced by the interaction halo-halo. If we look at
the peculiar velocities in halos, we have approximately the same peculiar velocities. For
small scales, the dispersion of pairwise velocities σv changes with scale (see §9.6).
f) In §10 we study the new SDSS DR6 LRG galaxy sample to find similar conclusions than
in previous results with smaller samples.
g) In §10.5, we use the measured quadrupole Q(s) to estimate the redshift distortion parameter β.
h) In §10.6 we estimate Ωm -Amp for large scales (linear regime) in ξ(π, σ), where Amp=b(z)σ8 ,
as tested with simulations.
i) We have an estimation of σ8 due to redshift distortions, that allows us to break the
degeneracy between bias and σ8 in the real-space correlation function. We find σ8 =
0.8 − 0.9. We also measure the bias as a function of redshift.
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j) We have also presented new constraints on the growth index of perturbations γ (which
indicates modified gravity) through the redshift distortions.
k) We obtain a power law form for the non-linear bias at small scales, which is in concordance with previous results.
l) In §10.7.1 we recover the pairwise velocity dispersion σv as a function of scale at small
scales through the distorted monopole. This method is shown to work in realistic simulations.
m) We show in §10.7.2 that a simple Kaiser model convolved with exponential distribution
of pairwise velocities, can explain the complicate shape of ξ(π, σ) at small scales, once
we add the scale dependent bias and the scale dependent σv (constant along the lineof-sight).
n) When comparing redshift slices, we see that all them have similar distortion parameters
β, consistent values of Ωm and similar D(z)b(z) as in the stable clustering.
o) We cross-correlate LRG with CMB to study the ISW effect again with spectroscopic
samples. We find a high signal that can be explained by a combination of a high σ8 and
maybe a high γ, although 1 − 2σ errors are compatible with the standard model.
p) The baryon acoustic peak helps to constrain the dark energy equation of state parameter w, which is more difficult to obtain from redshift distortions or ISW. We use the
position of the BAO in the direction LOS, where it is enhanced by magnification bias,
to obtain constraints for H(z). The values are compatible with WMAP5 results, but we
find better errors for H(z), which show a tendency to higher value for w which shows
some evidence for an increase with cosmic time. We have shown that the anisotropy of
the peak in redshift distortions provides a good opportunity to obtain tight constraints
on Ωm and w.

Part III

Resum de la tesi
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El model cosmològic estàndard actual comença amb el “Big Bang”, seguit d’una expansió
ràpida de gran extensió anomenada inflació. A partir d’aquest moment, les petites fluctuacions quasi homogènies primordials comencen a créixer segons la gravetat mentre l’Univers
es va expandint a un ritme més lent que la inflació. Després de 300.000 anys de l’origen de
l’Univers, la temperatura ha baixat prou com per a facilitar la recombinació dels àtoms amb
els electrons. L’Univers és ara neutre, i els fotons queden lliures a partir d’aquest moment,
i poden arribar fins a nosaltres, transportant una informació molt valuosa: l’univers és pla
o quasi pla, i això només ho podem explicar si introduı̈m un nou constituent de l’univers a
part de la ja coneguda matèria, per a poder completar la densitat d’energia d’un univers pla.
Aquest nou constituent és l’energia fosca i actua com a anti-gravetat, per tant és la responsable de la recent acceleració de l’univers observada a partir de supernoves Ia. Tot i que hi
ha un model que explica les observacions, el problema és que ni la matèria fosca ni l’energia
fosca es coneixen, tot i que en descobrim els efectes a través d’observacions. Recentment, les
observacions a escala cosmològica han augmentat molt. Analitzant els nous catàlegs, podem
restringir els models vàlids en l’univers que observem, o millorar els errors i anar limitant el
model estàndard, que encara té paràmetres molt degenerats. Estudiem els constituents de
l’univers, l’evolució del creixement de perturbacions, la història de l’expansió i també teories
alternatives com la modificació de la gravetat a grans escales.
En la primera part de la tesi, hem estudiat l’efecte Sachs-Wolfe Integrat (ISW), a través de
la correlació creuada entre l’estructura a gran escala, que les galàxies tracen, i les fluctuacions
de temperatura del fons còsmic de microones (CMB). Els fotons que provenen de la superfı́cie
d’última interacció poden veure’s efectats pels potencials de gravetat que la matèria crea.
Aquest efecte ens dóna informació directe i independent de l’energia fosca, ja que si el nostre
univers només estigués format de matèria, l’efecte ISW net seria igual a zero.
En la segona part de la tesi, estudiem l’agrupament de galàxies que tracen la matèria fosca,
de la qual volem obtenir informació. Utilitzem el catàleg de galàxies vermelles lluminoses del
SDSS (Sloan Digital Sky Survey) i estudiem com s’agrupen en l’espai “redshift” (on les galàxies
experimenten corriment al roig). Aquestes galàxies ocupen un volum extens, important per
tenir un bon senyal, tot i que tracen pous de potencials esbiaixats, perquè se situen en les
zones més denses, i el tractament del biaix en funció de l’escala és més complicat que en
d’altres galàxies. Gràcies a les distorsions en l’espai “redshift” podem trencar degeneracions
existents en l’espai real.

Chapter 12

Formació d’estructura
correlacionant mapes del cel
12.1

L’efecte Sachs-Wolfe integrat

La temperatura dels fotons del fons còsmic de microones (CMB) està influenciada per qualsevol camp que interaccioni amb els fotons. Tot i que la majoria d’efectes es produeixen a la
superfı́ce de recombinació, també hi ha efectes secundaris, en el camı́ dels fotons provinents
del CMB cap a nosaltres. L’efecte Sachs-Wolfe Integrat (ISW) és un corriment al blau gravitacional net (o corriment al roig) que experimenten els fotons provinents del CMB quan cauen en
un pou de potencial profund (guanyen energia, corriment al blau) i surten del mateix potencial
ara menys profund que ha evolucionat amb el temps (corriment al roig més baix). O també
pot passar al contrari, depenent del constituent que faci evolucionar els potencials gravitatoris
amb el temps, tant pot ser que l’univers no sigui pla o que hi hagi energia fosca. Si assumim
que l’univers és pla, com indiquen les observacions del CMB amb el satèl·lit WMAP, l’efecte
ISW indica exclusivament energia fosca, i el podem detectar correlacionant l’agrupament de
galàxies (que tracen els potencials gravitatoris) amb la temperatura del CMB. Per un univers
sense energia fosca, no hi ha correlació creuada perquè el potencial gravitacional es manté
constant, malgrat que les perturbacions creixin.
S’han trobat anomalies en les prediccions de l’efecte ISW contrastant-les amb observacions
de fluctuacions de temperatura directament, i és particularment interessant estudiar si es pot
detectar l’efecte a través d’un test independent, com ara la correlació creuada just esmentada
(Crittenden & Turok 1996).
Utilitzant el catàleg SDSS DR1, Fosalba et al. (2003) han trobat una correlació creuada
positiva amb WMAP1 (catàleg medidor del CMB), aixı́ com Scranton et al. (2003). WMAP1
també ha estat correlacionat amb galaxies del catàleg APM (Fosalba & Gaztañaga 2004),
amb galàxies infrarojes (Afshordi et al. 2004), amb galàxies ràdio (Nolta et al. 2004), amb el
fons de rajos X (Boughn & Crittenden 2004a,b) i amb galàxies vermelles lluminoses (Padmanabhan et al. 2005). La significància d’aquestes mesures és baixa (al voltant de 2-3 σ, mireu
Gaztañaga et al. 2006 per un anàlisi conjunt) i molts cientı́fics segueixen mostrant-se escèptics
davant d’aquestes deteccions. Una significància més alta s’ha trobat per Cabré et al. (2006),
explicada en aquesta tesi, quan correlacionem WMAP3 amb SDSS DR4 o DR5. Més recentment, Giannantonio et al. (2006) han correlacionat WMAP3 amb una selecció de quàsars
del catàleg SDSS, juntament amb una nova compilació dels resultats, que mostren una clara
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tendència a preferir valors més alts que el model estàndard descrit pels resultats de WMAP.
Rassat et al. (2007) han correlacionat WMAP3 amb el catàleg 2MASS i Giannantonio et al.
(2008) han realitzat un anàlisi conjunt que inclou totes les observacions fetes fins ara.

12.2

Teoria ISW

Una manera de detectar l’efecte ISW és correlacionant les fluctuacions en la densitat de
galàxies amb les fluctuacions de temperatura del fons de microones. Quan els fotons que
provenen del CMB passen a través de potencials gravitatoris creats per l’estructura a gran
escala, la temperatura es veu modificada segons:
Z
Z
dΦ
d
T (n̂) − T0
ISW
(n̂, z)
(12.1)
= − dz (Φ − Ψ) = −2 dz
△T (n̂) ≡
T0
dz
dz
on Φ i Ψ són els potencials gravitacionals Newtonians (Φ = −Ψ pel cas estudiat) i suposem
una reionització instantània amb τ = ∞ abans de la reionització i τ = 0 despreś.
ISW (n̂ )δ (n̂ ) > entre temperatura i
Calculem la correlació creuada wTISW
1 G 2
G (θ) = < △T
galàxies que expandim en polinomis de Legendre. Per escales grans i separacions angulars
petites:

wTISW
G (θ) =

X 2ℓ + 1
ℓ

4π
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pℓ (cos θ) CGT
(ℓ)

(12.2)

Després d’uns càlculs arribem a les següents equacions:
ISW
CGT
(ℓ)

=

4
(2ℓ + 1)2

Z

dz WISW (z)WG (z)

H(z)
P (k)
c

d[D(z)/a]
dz
WG (z) = b(z)φG (z)D(z),

WISW (z) = 3Ωm (H0 /c)2

(12.3)

on k = ℓ+1/2
r , φG (z) és la funció de selecció de les galàxies, r(z) és la distància comòbil,
b(z) és el biaix en les galàxies al corriment al roig z, D(z) és la funció de creixement lineal
que relaciona la sobredensitat a corriment al roig z amb amb la mateixa en l’època actual,
normalitzada a 1 al present, δ(k, z) = D(z)δ(k, 0).
L’equació de Hubble: H(z)2 /H02 = ΩM (1 + z)3 + ΩΛ (1 + z)3(1+w) relaciona la distància
comòbil depenent de l’època. En aquest treball considerem un univers pla i l’energia fosca
està representada per una equació d’estat efectiva w = p/ρ. La formulació usada aquı́ és
una descompopsició de les equacions presentades a Fosalba & Gaztañaga (2004) i Afshordi
(2004). L’avantatge principal és que podem anular el monopol (ℓ = 0) i el dipol (ℓ = 1)
individualment, aixı́ com es fa en els mapes WMAP. La contribució del monopol i dipol a
wT G és significant i pot sobre predir wT G en un 10%. L’espectre de potències utilitzat és
P (k) = A kns T 2 (k), on T (k) és la funció de transferència ΛCDM , que podem avaluar amb
l’ajust d’Eisenstein & Hu (1998).

12.3

Anàlisi d’errors en la correlació creuada TG

Els errors en l’efecte ISW estan limitats bàsicament per la variància còsmica i per l’àrea
disponible en els mapes del cel. Les deteccions que hi ha fins ara a la literatura només arriben
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175

a 2-4 σ com a màxim. Fins i tot, en el model de concordància, una mesura òptima de la
correlació a tot el cel només arribaria a una senyal/soroll de 10 (Afshordi 2004). Aixı́ doncs,
a causa del baix senyal que l’efecte ISW té, resulta molt important d’estudiar bé els errors
i la covariància en el senyal de la correlació. En aquesta secció parlarem de 4 mètodes per
estimar els errors.
El primer està basat en el mètode Monte Carlo (MC) on utilitzem M simulacions dels
mapes que volem correlacionar i estudiem la variància entre aquestes simulacions independents. Podem introduı̈r la correlació entre els dos mapes o aproximar que tot l’error ve dels
mapes originals (que és cert en un % d’error). Si incloem la correlació creuada en els mapes,
parlem de MC2 i si fixem el mapa de les galàxies, MC1. En aquest segon cas no hi ha
correlació però és un anàlisi més fàcil de realitzar i per això s’ha fet fins ara. També estudiarem les diferències amb dos mètodes teòrics, un que utilitza la popular predicció en l’espai
harmònic (TH), i un que treballa en l’espai de configuració (TC). Finalment, utilitzem l’error
“jaccknife” (JK) que utilitza sub-regions de les mateixes dades per a estudiar la variància.
Una vegada tenim l’estimació dels errors en un espai, podem traslladar-lo a un altre espai
complementari a través de transformades de Legendre.
La covariància MC està definida com:
Cij =

M
1 X
∆w kT G (θi )∆wkT G (θj )
M

(12.4)

k=1

∆wTk G (θi ) = wTk G (θi ) − w
bT G (θi )

(12.5)

on wTk G (θi ) és la mesura en la simulació k (k=1,...M) i w
bT G (θi ) és la mitjana per les M
realitzacions. Obtenim l’error diagonal pel cas i=j, o variància.
Demostrem la convergència de les simulacions MC en la figura 12.1, on veiem que necessitem de l’ordre de 700 simulacions per a arribar a una covariància estable.

Figure 12.1: Convergència en la matriu normalitzada de covariància per a les simulaicons MC2. Comparem com canvia la covariància quan augmentem el nombre de simulacions. En aquest plot mostrem
la diferència entre a) les 100 primeres respecte les 200 primeres b) 200-400 , c) 400-700, d)700-1000.
Els resultats mostren que com a mı́nim es necessiten 700 simulacions perquè la covariància convergeixi
completament.

Tanmateix, amb 200 simulacions n’hi ha prou per a calcular un bon error diagonal (fig.12.2).
Els errors JK es calculen a partir del mapa de dades, el qual dividim en sub-regions
aproximades en tamany i forma. Cada realització JK és el catàleg sencer excepte una de les
sub-regions. D’aquesta manera, podem obtenir els errors de les mateixes dades, que és el més
ideal, però les diferents realitzacions JK estan clarament correlacionades, per tant apliquem
un factor de correcció a la covarància MC (eq.12.4), (M − 1). L’error depen del nombre
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Figure 12.2: Convergència en l’error diagonal per a simulacions MC. Mostrem l’error per a les primeres
100 simulacions (puntets), 200 (ratlles), 400 (ratlla-punt), 700 (ratlla-punt-punt) i 999 (lı́nia sòlida).
Amb 200 simulacions l’exactitud dels errors és d’un 20%.

de zones i de la forma, però hem mirat les diferències entre 20 i 80 zones, i obtenim resultats molt similars, sempre que les zones siguin compactes en l’espai i tinguin una forma similar.
La teoria en l’espai harmònic és més fàcil ja que la covariància és diagonal quan analitzem
tot el cel, fet que no succeeix en l’espai real. Per a camps Gaussians, es pot veure fàcilment
que la variància és
 TG 2

1
∆2 CℓT G =
(Cℓ ) + CℓT T CℓGG .
(12.6)
fsky (2ℓ + 1)

Això indica que la variància de l’espectre de potències resulta en combinacions quadràtiques
de l’auto-espectre i espectres de potència creuats, amb una amplitud que depen del nombre
de m-modes independents en cada escala ℓ que ve donada per fsky (2ℓ + 1).
Quan treballem amb una part del cel, introduı̈m acoblament entre diferents nodes ℓ, provocant que la covariància entre diferents ℓ ja no sigui diagonal. Els multipols baixos de Cℓ són
sistemàticament esbiaixats cap a valors més baixos, però això es pot arreglar amb una correcció depenent de la màscara del catàleg. Nosaltres utilitzem: CℓAllSky /CℓP artialSky per a
compensar aquest efecte.
Amb la transformada de Legendre, propaguem l’error ∆Cℓ en l’equació 12.6 cap a l’espai
de configuració,
X  2ℓ + 1 2
(12.7)
Pℓ2 (µ) ∆2 Cℓ ,
∆2 w(θ) =
4π
l

on µ ≡ cosθ. Per la matriu de covariància:

Cij ≡ Cov(w(θi ), w(θj ))
X  2ℓ + 1 2
Pℓ (µi ) Pℓ (µj ) ∆2 Cℓ ,
=
4π

(12.8)

l

L’equacio 12.8 i 12.7 assumeixen que els diferents multipols ℓ no estan correlacionats, que
només és estrictament cert per catàlegs que ocupin tot el cel. Tanmateix, aquesta aproximació és bona fins i tot per catàlegs que ocupen un 10% del cel.
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Figure 12.3: Covariància normalitzada en l’espai real pel cas MC2. No trobem diferències significants
entre aquesta covariància amb la resta de mètodes i tampoc trobem diferències entre la fracció del cel
usada en l’estudi.

Els errors tèorics en l’espai de configuració TC estan explicats detalladament en la tesi de
Marc Manera, però aquı́ en fem un breu resum. Aquest mètode té grans avantatges, perquè
té en compte la geometria del catàleg, pot donar errors més exactes per a angles grans on
tant els errors TH com els JK són inacurats. Comparat amb l’error MC, aquest mètode TC
és més ràpid computacionalment ja que no necessita generar un gran nombre de realitzacions
del cel, a part de no necessitar cap model fiducial, perquè pot obtenir l’error a partir dels
mapes observats.

12.4

Comparació entre covariàncies i errors diagonals

Per a la covariància, observem pocs canvis en l’espai real, sigui quin sigui el mètode i independentment de la fracció del cel utilitzada en l’anàlisi. Les diferències les trobarem en l’error
diagonal (fig.12.3). En canvi, en l’espai harmònic, les covariàncies perfectament diagonals en
cas d’utilitzar tot el cel, van sent menys diagonals quan utilitzem una fracció del cel més petita.
La figura 12.4 representa un dels resultats principals d’aquesta part de la tesi. Compara
la variància en l’espai real per a diferents mètodes. L’error MC2 és el considerat real, i veiem
que els mètodes teòrics TH i TC dónen resultats acurats. L’error JK té un pendent diferent
que els altres mètodes tot i ser consistent amb ells donada la dispersió. L’error MC1 sembla
subestimar els errors, però és lògic ja que estem prescindint de la part corresponent a la
correlació creuada. Pel cas de cel complet, els errors teòrics coincideixen perfectament amb
l’error MC2.
Hem provat els mètodes MC2-w, TH-w i TC-w per a diferents àrees
pdel cel fsky i obtenim
també resultats similars. Observem que l’error escala per un factor 1/ fsky , com esperàvem.

12.5

Correlació creuada entre WMAP3 i el catàleg de galàxies
SDSS DR3

Correlacionem les fluctuacions de temperatura obtingudes del 3r any del catàleg WMAP,
amb fluctuacions del nombre de galàxies agafades del catàleg SDSS DR4 que cobreix un 13%
del cel, incrementant un factor 3.7 el volum samplejat en anàlisis previs. Utilitzem una selecció de galàxies amb magnitud aparent r entre 20 i 21 i una selecció especial de galàxies
vermelles lluminoses que es troben a una distància molt més llunyana. Les dues mostres són
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Figure 12.4: Error calculat amb diferents mètodes (com indica la figura) en l’espai real per a ΩDE = 0.7.
Per un mapa que cobreixi el 10% del cel (lı́nies i sı́mbols de dalt), els models teòrics TC (creus), i TH
(ratlles), funcionen bé comparat amb el model real MC2 (lı́nia), mentre que el mètode MC1 (punts)
sembla que subestimi els errors en un 10%. El mètode JK (triangles) sembla lleugerament esbiaixat
amunt/avall en escales grans/petites, tot i que els errors són compatibles donada la dispersió dels JK
en totes les simulacions. A baix veiem els resultats per mapes de tot el cel: MC2 (lı́nia), TH (ratlles)
i TC

aproximadament independents. Les noves mesures confirmen una correlació creuada positiva
amb una significància molt alta (el senyal entre soroll és aproximadament 4.7). La correlació
com a funció de l’angle observat està ben ajustat per l’efecte ISW per un model estàndard
ΛCDM amb constant cosmològica. L’anàlisi combinant vàries mostres dóna ΩΛ = 0.80 − 0.85
(68% de nivell de confidència, CL) o 0.77 − 0.86 (95% CL). Trobem resultats similars independentment de la mostra utilitzada que pot estar centrada a un corriment al roig z ≃ 0.3
o z ≃ 0.5, indicant que l’evolució de l’univers concorda amb un model ΛCDM amb equació
d’estat w = −1. Tanmateix, els errors són encara massa grans per trencar la degeneració
entre w versus ΩΛ només utilitzant les dades ISW. Una explicació més detallada d’aquest
estudi la podem trobar a Cabré et al. (2006). També hem provat la correlació creuada amb
el catàleg millorat SDSS DR5 i veiem que no hi ha millora ni diferències significants respecte
als resultats previs.
En la figura 12.5 veiem la correlació creuada per a les dues mostres utilitzades en l’anàlisi,
i en la figura 12.6 la distribució de probabilitats per ΩΛ , que és el paràmetre que modifiquem
en el nostre anàlisi.

12.6

Discussió

Quin mètode hem de fer servir quan utilitzem dades reals? Utilitzar 1000 simulacions seria
la forma més adequada d’enfrontar-nos amb els errors, però és molt costós computacionalment. A més a més, hem de decidir quin model teòric utilitzar, o córrer més simulacions per
cada model que volem provar. L’avantatge principal de l’error JK és que els errors s’obtenen
directament de les mateixes dades, que són indpendents del model. És important en l’efecte
ISW, on els errors són molt grans i poden canviar molt d’un model a un altre.

12.6 Discussió
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Figure 12.5: La lı́nia contı́nua amb errors mostra la correlació creuada entre WMAP3-SDSS com
a funció de l’escala per la mostra r = 20 − 21 (esquerre) i la mostra LRG (dreta) La lı́nia de punts
correspon a utilitzar WMAP1, que dóna un resultat molt similar. Les lı́nies ratllades mostren un model
ΛCDM amb ΩΛ = 0.83 (el millor ajust) escalat amb el biaix apropiat.

Figure 12.6: Distribució de probabilitat: 1 − Pχ [> ∆χ2 , ν = 1] per a ΩΛ en la mostra r = 20 − 21
(ratlles curtes), la mostra LRG (ratlles llargues), i l’anàlisi combinat (lı́nia contı́nua). El rang de
confidència 68% i 95% està definit per la intersecció amb les corresponents lı́nies horitzontals.

La discrepància trobada entre el model estàndard i els valors de la correlació creuada
SDSS4-WMAP3 no és molt significant degut a la covariància còsmica, però podria ser una
indicació d’un nou model de fı́sica que produeixi un espectre de potències més alt que el model
estàndard, com per exemple desviacions en σ8 , o en l’ı́ndex espectral ns , o en els neutrins Ων ,
etc., que allunyin la solució del model estàndard considerat.
També hem mostrat que és possible utilitzar altres models teòrics (ie TC and TH) per a
realitzar prediccions dels errors independents dels models, que serveixin per a les observacions.
Contràriament a la resta de mètodes, l’error JK no assumeix estadı́stica Gaussiana, però
la seva exactitud pot dependre de la manera d’implementar-lo (ie forma o nombre de subregions). Concluı̈m que per estar-ne segurs, cal validar els errors JK amb les simulacions, però
no hi ha cap raó a priori que invalidi aquest mètode (JK).

Chapter 13

Distorsions en l’espai de velocitats
13.1

Teoria

Les galàxies apareixen desplaçades en la direcció radial de l’espai de “redshift” (corriment al
roig) a causa de les velocitats peculiars, ja que la distància en l’espai de “redshift” es mesura
a través de les velocitats. Per això l’anomenem espai de velocitats. La distància s en l’espai
de velocitats és diferent que la real r i difereixen per la component de la velocitat peculiar
en la direcció radial. En l’espai de velocitats l’agrupament de galàxies apareix distorsionat,
bàsicament a través de dues contribucions. La primera, de les sobredensitats a grans escales
que porten a una caiguda coherent entre els centres d’halos: veiem les parets més denses i els
buits més grans i més buits, amb un efecte d’aplanament en la funció de correlació de 2 punts
en la direcció radial (Kaiser 1987). Les velocitats aleatòries de les galàxies dins dels halos, a
escales petites, produeixen un allargament radial, conegut com a dits de Déu (FOG, “fingers
of God”).
Tot i que les distorsions en l’espai de velocitats compliquen la interpretació dels mapes,
tenen l’avantatge d’aportar informació de la dinàmica de les galàxies. En particular, l’amplitud
de les distorsions en escales grans porta a una mesura del paràmetre de distorsió lineal del
“redshift” β, que està directament relacionat amb la densitat de matèria cosmològica.
Kaiser (1987) va concloure que, en la zona lineal, és a dir escales grans, i suposant
l’aproximació plano-paral·lela (on suposem que les galàxies estan suficientment lluny de l’observador
de manera que els desplaçaments induı̈ts per velocitats peculiars són efectivament paral·lels),
la distorsió causada per la caiguda coherent entre halos es pot descriure d’una forma senzilla
en l’espai de Fourier:
Ps (k) = (1 + βµ2k )2 Pr (k).

(13.1)

on µ és el cosinus de l’angle entre k i la direcció radial, el subı́ndex s indica espai de velocitats,
r espai real, i β és el ritme de creixement en la teoria lineal, la quantitat no dimensional que
~ v + βδ = 0 en unitats on la constant de Hubble és
resol l’equació de continuitat linearitzada ∇.~
1. Si la sobredensitat de les galàxies δ està esbiaixada linealment per un factor b respecte la
densitat de matèria de l’Univers δm , δ = bδm , però les velocitats no estan esbiaixades, llavors
el valor observat de β és
Ω0.55
(13.2)
β≈
b
per gravetat estàndard. Mireu Hamilton (1992) per una introducció més extensa.
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Podem traslladar el model de Kaiser en espai de Fourier a l’espai real (Hamilton 1992), i
obtenim per a la funció de correlació l’expressió ξ ′ (π, σ) detallada en la secció 8.2, que després
convolucionem amb una distribució de velocitats entre parelles aleatòries f (v), per a donar el
model final ξ(σ, π).
Z ∞
ξ ′ (σ, π − v/H0 )f (v)dv
(13.3)
ξ(σ, π) =
−∞

i representem les velocitats peculiars amb una forma exponencial,
!
√
1
2|v|
f (v) = √ exp −
σv
σv 2

(13.4)

on σv és la dispersió de la distribució de velocitats entre parelles, que ajustem a una exponencial, forma que s’ha vist que concorda amb observacions.
Definim els multipols de ξ(π, σ) com
2ℓ + 1
ξℓ (s) =
2

Z

+1

ξ(π, σ)Pℓ (µ)dµ.

(13.5)

−1

on µ és el cosinus de l’angle amb la direcció radial π.
El quadrupol normalitzat (Hamilton 1992) es defineix com
Q(s) =

ξ2 (s)
Rs
ξ0 (s) − (3/s2 ) 0 ξ0 (s′ )s′2 ds′

(13.6)

Per escales grans, en l’aproximació de Kaiser, el quadrupol es pot relacionar directament
amb β
4
β + 4 β2
Q(s) = 3 2 7 1 2
(13.7)
1 + 3β + 5β
Com veiem, la funció de correlació en l’espai de velocitats difereix de la real significativament, degut a les distorsions que s’originen en la direcció radial. Una manera d’estimar
la funció de correlació real és integrant ξ(π, σ) a través de la direcció radial per a obtenir la
funció projectada en l’espai real,
Z ∞
Ξ(σ) = 2
ξ(σ, π) dπ
(13.8)
0

que està relacionada amb la funció de correlació real ξ(r)
Z
1 ∞ (dΞ(σ)/dσ)
dσ.
ξ(r) = −
π r (σ 2 − r 2 ) 12

(13.9)

La història de l’expansió cosmològica prova la dinàmica de l’evolució global de l’univers i
els constituents que el formen, mentre que la història del creixement de perturbacions prova
la part inhomogènia de la densitat d’energia. Si comparem les dues històries, podem distingir
si la responsable de l’acceleració de l’univers és l’energia fosca o una modificació de la gravetat
a grans escales. Les observacions de la història de l’expansió únicament no poden distingir
entre energia fosca i gravetat modificada, ja que H(z) pot reproduir-se fàcilment per a qualsevol model de gravetat modificada, si canviem l’equació d’estat de l’energia w. Necessitem
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informació addicional provinent del creixement de perturbacions δ(z) = δρ
ρ (z), que depen exclusivament de la història d’expansió H(a), w(a), Ωm (a) en una gravetat normal. Si trobem
una discrepància entre el creixement observat i el que prediu la gravetat, podem estar davant
d’un cas de gravetat modificada, que representem mitjançant l’ı́ndex de creixement γ, el qual
podem separar de la resta d’efectes d’expansió segons
f=

d ln D
= Ωm (a)γ ,
d ln a

(13.10)

Gràcies a les distorsions en l’espai de velocitats, podem obtenir resultats de γ
1 d ln D
= f /b,
(13.11)
b d ln a
on b és el biaix entre galàxies i la matèria total, i D és el ritme de creixement lineal a l’escala
d’expansió a.
β=

13.2

Estudi d’errors

En aquesta secció analitzem els errors que utilitzarem en les dades amb simulacions. Calculem els errors Monte Carlo, i els comparem amb els errors JK.

13.2.1

Errors en ξ(π, σ)

En la fig.13.1 mostrem les diferències entre l’error diagonal obtingut per MC amb les simulacions MICE de Barcelona, JK i la forma analı́tica explicada en detall en la tesi, quan
binegem la funció de correlació amb 5Mpc/h. L’error JK és bo per escales perpendiculars σ
petites, mentre que l’error analı́tic és bo per a escales σ grans. També hem realitzat el mateix
anàlisi amb unes simulacions d’halos de Durham, amb la funció de correlació esbiaixada, i les
conclusions són les mateixes. En la figura 13.2 podem veure la comparació entre els errors
obtinguts amb JK en les dades reals amb un catàleg aleatori (R) 10 vegades més dens que les
dades i la forma analı́tica (que correspon a la forma real MC com acabem de veure). Veiem
que l’error JK és bo per escales petites però és massa gran per escales grans, com ja sabı́em
de l’anàlisi de les simulacions.

Figure 13.1: Error diagonal en ξ(s) en l’espai de velocitats per a simulacions MICE binejant amb
5Mpc/h, amb contorns ξ = 0.002 − 0.1 (increment log=0.2)
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Figure 13.2: Error diagonal en ξ(s) en l’espai de velocitats per a les dades LRG (contorns com a la
fig.13.1)

Les mateixes conclusions es repeteixen si enlloc de binejar amb 5Mpc/h ho fem amb
1Mpc/h.

13.2.2

Error en el monopol ξ0 (s)

En aquest cas comparem els errors MC i JK perquè no hi ha cap forma analı́tica fàcil
d’aplicar, però si veiem que els JK funcionen bé els podrem aplicar a les dades. Podem veure
una comparació entre el monopol obtingut en les simulacions i les dades i també la diferència
en els errors MC i JK en la figura 13.3, on podem veure clarament que els errors JK funcionen
bé.

Figure 13.3: Esquerre: Monopol ξ(s) amb errors per a les simulacions MICE (negre) i per les dades
LRG (vermell) usant un bin de 5Mpc/h. Dreta: Error diagonal en les simulacions MICE (JK amb
dispersió és la lı́nia blanca amb errors, MC lı́nia de puntets) i per a les dades LRG (vermell i blau per
NR = 10 i NR = 20)

13.2.3

Error en el quadrupol Q(s)

En el quadrupol, l’error JK també funciona bé, com podem veure en la figura 13.4.
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Figure 13.4: Esquerre: Q(s) amb errors per a les simulacions MICE (negre) i per LRG (vermell) amb
bin=5Mpc/h. Dreta: Error diagonal per a les simulacions MICE (lı́nia negre JK amb dispersió, lı́nia
puntets MC) i dades LRG (vermell i blau per NR = 10 i NR = 20)

13.2.4

Errors en la funció de correlació projectada Ξ(σ)

Calculem la funció de correlació projectada Ξ(σ) per a cada catàleg fals obtingut de les
simulacions MICE integrant a través de π la funció de correlació de 2 punts en l’espai de
velocitats, i també calculem l’error JK. En la figura 13.5 mostrem les diferències entre els
errors MC i JK, que tornen a coincidir en aquest cas.

Figure 13.5: Esquerre: Ξ(σ) per a les simulacions calculat a partir de ξ(π, σ) (lı́nia negra amb errors)
i el valor per a les dades LRG (blau). Dreta: MC (puntets negre) i JK (lı́nia negre amb errors) per a
les simulacions i error en Ξ(σ) per a les dades LRG (blau)

13.2.5

Errors en la funció de correlació real ξ(r)

Ara calculem la funció de correlació real ξ(r) a partir de la funció projectada Ξ(r). En
la figura 13.6 podem veure la funció de correlació obtinguda al deprojectar Ξ(r) amb errors
(negre) comparat amb la correlació en l’espai real que calculem directament de les simulacions
sense distorsions. Recuperem ξ(r) per escales menors que 30Mpc/h després d’integrar ξ(π, σ)
i deprojectar Ξ(σ). També veiem la funció de correlació real obtinguda en les dades LRG,
que està més esbiaixada que les simulacions, com esperàvem. A la dreta de la figura, veiem
la diferència entre els errors MC (lı́nia amb errors) i JK (puntets), molt similars per escales
petites, i també veiem els errors JK obtinguts en les dades LRG (blau). En vermell, veiem la
diferència entre JK i MC quan calculem els errors directament de l’espai real sense distorsionar,
que òbviament són més baixos que els que obtenim integrant i deprojectant, processos que
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produeixen un increment en l’error.

Figure 13.6: Esquerre: ξ(r) per a les simulacions calculat a partir Ξ(σ) (negre), el valor real (puntets)
i el valor per a les dades LRG (blau). Dreta: MC (puntets negre) i JK (lı́nia amb errors) per a
les simulacions, error en Ξ(σ) per a dades LRG (blau) i error JK i MC (vermell) per a la funció de
correlació real calculada directament de les simulacions sense distorsions.

13.3 Anàlisi de les galàxies lluminoses vermelles (LRG)
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Anàlisi de les galàxies lluminoses vermelles (LRG)

Les galàxies lluminoses vermelles (LRG) se seleccionen segons el color i la magnitud per a
obtenir galàxies intrı́nsicament vermelles en el catàleg SDSS (Eisenstein et al. 2001). Aquestes galàxies tracen un volum enorme, al voltant de 1Gpc3 h−3 , que les converteix en galàxies
perfectes per a l’estudi de l’agrupament de matèria a gran escala. Les LRG són galàxies velles
el·lı́ptiques, amb evolució passiva (baixa formació estel·lar). Tenen pendents molt pronunciats en la funció de correlació, perquè tracen la matèria d’una manera molt esbiaixada, ja que
resideixen en centres d’halos massius.
En aquesta tesi, hem utilitzat les dades més recents del catàleg SDSS, DR6 (AdelmanMcCarthy et al. 2008), per a realitzar un anàlisi a totes les escales de la funció de correlació
anisotròpica en l’espai de velocitats, a part d’estudiar la funció de correlació projectada, la
funció de correlació real, diferents multipols; amb el conseqüent anàlisi del biaix lineal per
escales grans d’on obtenim paràmetres cosmològics, l’estudi del biaix non lineal per escales
petites que ens ensenyen el comportament de les galàxies, el trencament de la degeneració entre biaix i σ8 gràcies a les distorsions, i possibles modificacions de la gravetat. També obtenim
informació de la posició del pic acústic en la direcció radial, i correlacionem les galàxies LRG
amb el CMB un altre cop ja que les galàxies utilitzades en aquesta part de la tesi són lleugerament diferents que les d’abans. Ens trobem diferents problemes, com ara el biaix no lineal,
la dependència no lineal del pic acústic o la modelització de les velocitats peculiars.
Per a estimar la funció de correlació 2 dimensional ξ(σ, π) utilitzem
ξ(σ, π) =

DD − 2DR + RR
RR

(13.12)

amb un catàleg aleatori (R) 20 vegades més dens que el catàleg de galàxies LRG del SDSS.

13.4

Resultat en el quadrupol

Un cop comprovat amb les simulacions que és un bon mètode, ja que recuperem els
paràmetres de la simulació, utilitzem el quadrupol per a obtenir informació de β − σv en
les dades. Les escales grans depenen només de β i les escales petites depenen fortament de les
velocitats peculiars entre parelles. Els altres paràmetres que defineixen la forma de la funció
de correlació real com la densitat de matèria a escales grans o el biaix no lineal a escales
petites, no es veuen reflectides en el quadrupol, i el biaix lineal queda cancel·lat gràcies a la
forma com ha estat definit. Quan utilitzem totes les escales, obtenim uns lligams més forts en
β, tot i que no podem anar fins a escales molt petites, perquè llavors les velocitats peculiars
poden començar a canviar, per tant ajustem a un model de 5 a 60Mpc/h. Mostrem en la
figura 13.7 els contorns per β i σv i el millor ajust sobre el quadrupol.

13.5

Ajust per a escales grans

Utilitzem la funció ξ(π, σ) per a estimar la densitat de matèria i l’amplitud, segons la forma
que s’ajusti millor als models. Hem vist que la funció de correlació real obtinguda integrant
ξ(π, σ) no és exacte per escales grans, on volem trobar la densitat de matèria, per tant no la
podem utilitzar com a base per a obtenir aquests paràmetres caracterı́stics de grans escales.
Hem comprovat en les simulacions quina és la millor zona del pla π − σ per a ajustar una
bona densitat de matèria i amplitud, i arribem a la conclusió que ens hem de centrar a un
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Figure 13.7: Millor ajust per a σv i β en el quadrupol Q(s) en les distàncies entre 5-60Mpc/h

angle de 30 o 40 graus de la direcció radial π per eviat els FOG, i les diferències provocades
per velocitats peculiars, i per un σ prou gran com per evitar el biaix no lineal i com a lı́mit
uns 60Mpc/h per no arribar fins al pic acústic, on el biaix no lineal pot canviar l’amplitud, i
podem tenir problemes per culpa de l’aproximació de lı́mit paral·lel. Amb aquestes condicions,
obtenim un contorn per a Ωm − Amp (on Amp = b(z)σ8 ) que hem trobat marginalitzant sobre
els valors β − σv . (fig.13.8)

Figure 13.8: ξ(π, σ) per les dades (en color) i les lı́nies corresponen al millor ajust obtingut en la
zona limitada per la lı́nia taronja. La lı́nia groga delimita les zones negatives. A la dreta el contorn
Ωm − Amp.

13.5.1

Ajust de σ8

Podem obtenir un ajust per al paràmetre σ8 , que podem separar del biaix b(z) gràcies a les
distorsions en l’espai de velocitats, seguint la següent equació:
β=

Ωm (z)γ
b(z)

(13.13)

Utilitzem la predicció Ωm −Amp de l’ajust a grans escales i els resultats de β del quadrupol
Q(s), fixem γ = 0.55 per gravetat estàndard, i com que Amp = σ8 b(z),
σ8 =
on

βA
Ωm (z)0.55

(13.14)
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Ωm (z) =
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p

Ωm (1 + z)3 + 1 − Ωm

(13.15)

per a un univers pla (motivat pels resultats de WMAP) amb una equació d’estat de
l’energia fosca caracteritzada per un valor constant w = −1. Quan ja tenim σ8 , podem
obtenir el biaix b(z) fàcilment, mireu la fig.13.9.
El biaix b(z) és clarament alt quan ens movem cap a “redshifts” més alts, la qual cosa és
consistent amb antics resultats de LRG. En canvi, σ8 és consistent amb el valor actual igual
a 0.8 però sembla tenir una petita desviació per la mostra a distància intermitja cap a valors
lleugerament meś baixos.

Figure 13.9: b(z) i σ8 per diferents mostres en “redshift”. Gris: Catàleg sencer, Vermell: z=0.15=0.34,
z=0.34-0.47, Blau: z=0.15=0.3, z=0.3-0.4, z=0.4-0.47
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Ajust per a escales petites i biaix no lineal

Quan estudiem les escales petites, trobem els següents problemes. Per començar, el biaix
depen de l’escala clarament per escales menors que 10-20Mpc/h, perquè les galàxies LRG
estan molt esbiaixades i caracterı́sticament, tenen un biaix no lineal. A més a més, el model
que estem utilitzant per descriure la funció de correlació en l’espai de velocitats suposa una
dispersió de velocitats aleatòries independent de l’escala, i sabem de les simulacions que segurament és fals per escales menors que 3-5Mpc/h, on la dispersió de velocitats en l’espai real
pot augmentar respecte el valor quasi-constant que trobem per escales grans.
En la figura 13.10 veiem la funció de correlació projectada Ξ(σ) calculada integrant ξ(π, σ)
a través de la direcció radial π, i la funció de correlació real ξ(r) que obtenim deprojectant,
comparada amb el monopol en l’espai de velocitats. Veiem clarament les diferències tı́piques
entre l’espai real (punts blaus) i l’espai de velocitats (punts taronges): per escales grans (que
estan ben calculades en l’espai real fins a uns 40Mpc/h) la funció de correlació en l’espai de
velocitats és més gran que la real per un factor constant que depen de β i que hem comprovat
que quadra amb el β trobat en l’ajust del quadrupol Q(s); per escales petites, la funció de
correlació real té un biaix no lineal més empinat que en l’espai de velocitats, ja que aquest
últim es veu suavitzat per efecte de les velocitats peculiars.
Utilitzem les escales petites de la funció de correlació real per a ajustar el biaix no lineal
a una forma de llei de potències tipus ξ(r) = (r/rb )−γb . Sabem que segueix una llei d’aquest
tipus perquè ho hem estudiat en simulacions d’halos que tenen biaix no lineal, el qual depen
de la massa
q dels halos i de la formació de galàxies (fig.13.11). Definim el biaix no lineal com

b(r) = ξ(r)/(b2lin ξ(r)DM ). Mostra la relació entre la funció de correlació real de les LRG
entre la funció de correlació real de la matèria corregida per l’amplitud lineal. Quan el biaix
no lineal és igual a 1, significa que el biaix és lineal a partir d’aquesta escala. Per a calcular
els contorns, utilitzem els contorns Ωm − Amp d’escales grans i per a cada densitat de matèria
calculem el biaix, i després marginalitzem per a obtenir el valor per els paràmetres rb i γb
finals. Per escales menors que 0.3Mpc/h, la funció de correlació real cau probablement degut
a les col·lisions de fibres.

De la diferència entre el monopol teòric (que obtenim a partir de la funció de correlació
real, seguint l’equació 8.14 que convolucionem amb una distribució gaussiana de velocitats
entre parelles) i el monopol mesurat en l’espai de velocitats, podem saber si la distribució de
velocitats és constant en l’escala o no, depenent de si coincideixen els monopols o no. Veiem
que per escales menors que 5Mpc/h, el monopol teòric és més gran que el mesurat si utilitzem
la dispersió de velocitats σv que hem trobat per escales grans en l’ajust del quadrupol Q(s),
i això significa que la dispersió de velocitats és més gran per escales petites (fig.13.12). Per
a cada escala petita, ajustem una dispersió de velocitats σv que expliqui la diferència en el
monopol observat, i la solució la podem veure en la figura 13.13. Com podem observar, la dispersió de velocitats entre parelles augmenta quan disminuı̈m l’escala fins a arribar a 1Mpc/h,
on sembla que comença a disminuir. Aquests resultats són completament consistents amb
els resultats recents sobre dispersions de velocitat que descriuren aquests canvis per escales
petites com un efecte mixt creat per les velocitats entre parelles halo-halo (distàncies majors
que 5Mpc/h), halo-satèl·lit (distàncies menors que 1Mpc/h) o satèl·lit-satèl·lit (1-5Mpc/h).
Podem comprovar finalment si el model obtingut de densitat de matèria, amplitud lineal,
β, biaix no lineal i dispersió de velocitat entre parelles, explica les observacions en ξ(π, σ),
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Figure 13.10: Esquerre: Ξ(r). Dreta: ξ(r) and ξ(s)

si també incloem els canvis en la dispersió de velocitats σv , que aproximem com a constant
en la direcció π i que canvien en la direcció σ. Com veiem en la figura 13.14, recuperem
les observacions, que contenen uns FOG enormes amb aquest model simple, sense necessitat
d’introduir més canvis. Hem de recalcar que part dels FOG evidents, que provenen sobretot
de les velocitats peculiars, també s’expliquen pel biaix no lineal.
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Figure 13.11: Millor ajust a la llei de potències pel biaix no lineal (vermell) i biaix obtingut si suposéssim
que la funció de correlació de galàxies seguı́s una llei de potències (ratllat)

Figure 13.12: Monopol ξ(s) observat (punts) i model teòric (vermell) si suposem que les velocitats
peculiars tenen sempre la mateixa dispersió independentment de l’escala
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Figure 13.13: σv vs distància, calculat directament des del monopol

Figure 13.14: ξ(π, σ) obingut a partir de la funció de correlació real introduint canvis en σv per escales
petites. Dalt: dades (colors), dades(colors)+ model(lı́nia), model(colors) . Baix: el mateix però
augmentat
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Correlació angular i correlació creuada amb el CMB,
efecte ISW

Com en la primera part de la tesis, aquı́ explorem un altre cop l’efecte ISW mitjançant
la correlació creuada entre la densitat de nombre de galàxies LRG i les fluctuacions en la
temperatura del CMB amb el catàleg WMAP. Els resultats són diferents que en la primera
part de la tesi perquè ara estem utilitzant el catàleg espectroscòpic mentre que en la primera
part treballem amb el catàleg fotomètric, que està centrat a un corriment al roig més llunyà.
La funció de correlació angular entre galàxies és proporcional a
wGG ∝ σ82 φG (z)2 b(z)2 D(z)2

(13.16)

i la correlació creuada entre galàxies i temperatura CMB proporcional a
wT G ∝ σ82 φG (z)b(z)D(z)

d[D(z)/a]
dz

(13.17)

on
d[D(z)/a]
= D(z)(1 − f )
dz

(13.18)

Les dues expressions són proporcionals a σ82 perquè aquest factor prové de la normalització
de l’espectre de potències de la matèria, però wGG és proporcional a b(z)2 mentre que wT G
a b(z), i per tant podem trencar la degeneració entre b(z) i σ8 . Trobem el senyal wT G més
gran que el model estàndard, i ho podem explicar amb un σ8 més gran, o una densitat de
matèria més baixa, efectes no lineals, biaix diferent entre galàxia i matèria que entre galàxies,
efectes del biaix no lineal, equació d’estat de l’energia fosca w > −1 (mireu Cabré et al. 2006),
gravetat modificada o magnificació no lineal (la lineal no és important al “redshift” del nostre
catàleg).
Hem mirat principalment com hauria de canviar σ8 un cop fixats la resta de paràmetres
per a explicar el canvi en el senyal observat respecte el model estàndard, i obtenim valors per
σ8 més grans que 1 tot i que els errors són grans i podria ser una desviació dins del model
estàndard (mireu fig.13.15).

13.7 Correlació angular i correlació creuada amb el CMB, efecte ISW

Figure 13.15: wGG , wT G , χ2 per σ8
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Obtenció de paràmetres cosmològics a partir de la posició
del pic acústic

La funció de correlació real mostra un pic al voltant de 100Mpc/h, que també veiem en
forma d’anell en la funció anisotròpica ξ(π, σ) en l’espai de velocitats, produı̈t per oscil·lacions
bariòniques. Si mesurem el pic en la direcció radial, obtenim informació de H(z), ja que
dr = dz/H(z). Fins ara, s’ha utilitzat el pic en el monopol de l’espai de velocitats per a
fixar paràmetres cosmològics, a través d’una combinació de H(z) i DA (z) (que també depen
de H(z)) (veure Eisenstein et al. 2005b). En la funció de correlació anisotròpica ξ(π, σ), les
diferències entre les posicions perpendicular i paral·lela es tradueixen en un anell quasi circular
al voltant de 100Mpc/h, tot i que el pic té una amplitud diferent depenent de l’angle amb la
direcció radial. Les galàxies LRG són bones per a detectar el pic bariònic perquè tenen una
senyal més alta en estar esbiaixades, i tracen un volum gran, ideal per a grans escales.
En la figura 13.16 podem veure la funció de correlació ξ(π, σ) per a la selecció completa
de galàxies LRG. En el context de teoria lineal, haurı́em de veure menys senyal com més
ens aproximem a la direcció radial (veure Fig.10.52, esquerre). En canvi, observem un anell
d’igual amplitud. A més a més, sembla que la senyal sigui encara més alta en la direcció radial
precisament. En aquesta secció volem explicar l’origen del gran senyal observat en la direcció
radial en el pic acústic i utilitzar la seva posició per a l’obtenció de paràmetres cosmològics.

Figure 13.16: ξ(π, σ), z=0.15-0.47 (tot el catàleg)
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Hem calculat la probabilitat que el pic observat sigui estadı́sticament significant, i trobem
una probabilitat de més de 3 − σ que el pic sigui diferent de zero. Un cop demostrada la
significància del pic, mirem possibles raons que puguin explicar el pic. La més plausible és
magnificació per efecte de lent gravitatòria, que és molt important justament en la direcció
radial, de visió. Aquest efecte s’afegeix a les distorsions de velocitat, amb els termes correlacionats magnificació-magnificació i magnificació-matèria. El terme d’auto-magnificació és
molt petit, comparat amb el terme creuat, que només és significant en la direcció radial, i més
important per escales grans, just on tenim el pic. Podem veure l’efecte de magnificació a la
dreta de la figura 13.17. Veiem que tot i que la magnificació va en la direcció correcte per
explicar el pic observat, encara necessitem més senyal, que probablement es pot explicar per
variància còsmica, o amb efectes no lineals.

Figure 13.17: ξ(π, σ) teòric. Esquerre: Model lineal amb distorsions en l’espai de velocitats. Dreta:
Model lineal + magnificació lineal que efecta principalment la direcció radial (s=2)

En la figura 10.56 dibuixem el factor (S/N )2 que és χ2 , per diferents mostres.
Aprofitem la posició del pic per a trobar paràmetres cosmològics amb H(z). La idea és
comparar la posició del pic bariònic calculat per WMAP5, amb la posició del pic que obtenim
nosaltres quan utilitzem un model fiducial (Ωm = 0.25 i w = −1). En la direcció radial, el
canvi en la posició del pic ens informa sobre H(z) que utilitzem per a traduir “redshifts” a
distàncies, ja que dr = dzc/H(z).

H(z)real = rsurvey /rW M AP H(z)f iducial

(13.19)

on el pic mesurat per WMAP5 és r = 146.8 ± 1.8M pc on r és la distància comòbil,
H(z)f iducial és el que utilitzem en el càlcul de distàncies al pic del catàleg LRG, rsurvey .

H(z)/H0 =

q
Ωm (1 + z)3 + (1 − Ωm )(1 + z)( 3 + 3w)

(13.20)

si suposem que l’univers és pla i que l’equació d’estat de l’energia fosca es pot parametritzar
amb un w constant. La diferència entre H(z)real i H(z)f iducial ens informarà sobre diferències
en Ωm o w (Eq.(13.20)).
La figura 13.19 mostra la H(z) calculada per a cada mostra en “redshift”. En vermell, veiem el millor ajust per H(z) donats uns valors per WMAP5 Ωm = 0.258 ± 0.03 i
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Figure 13.18: χ2 = (S/N )2

h = 0.72 ± 0.026, amb els seus errors en taronja. Els valors de H obtinguts en el nostre
anàlisi són consistents amb WMAP5 però tenen un error més petit que pot ajudar a restringir
els paràmetres cosmològics. El nostre anàlisi ha detectat H(z) més altes que les estàndard
(WMAP5). Això pot significar una Ωm més alta per a poder mantenir w proper a -1 o w
ha de ser més alt. Tanmateix, no hi ha cap model amb w fix al llarg de l’evolució temporal
que s’ajusti als valors observats. Aquesta tendència només es pot arreglar canviant w(z) en
el “redshift”. En la figura 10.58 hem calculat l’evolució en w(z) si suposem que Ωm és igual a
0.2 (vermell), 0.25 (negre) o 0.3 (blau). La tendència és que w(z) canviı̈ en l’escala, obtenint
valors més alts de w quan ens acostem a l’actualitat.
Tanmateix, hem de ser cuidadosos amb les conclusions, ja que no hem modelat en detall
el pic en la direcció radial, i pot ser que la posició del pic estigués esbiaixada. Si la posició
que observem és més alta que la real, encara podem utilitzar les dades i mirar el pendent de
H a través de z. Si w = −1, en aquest cas, el pendent seria similar a una cosmologia amb
Ωm baixa. Però si el pic ens està indicant realment la posició de l’escala de l’horitzó del so,
la solució més realista seria que w canviés amb el temps.
Creiem que les anisotropies en la funció de correlació en l’espai de velocitats poden servir
per restringir els paràmetres H0 , Ωm i w(z), que encara tenen uns errors molt grans amb els
estudis actuals.
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Figure 13.19: H(z) per diferents z (punts amb errors), la lı́nia vermella representa el millor model per
dades de WMAP5, amb els errors (taronja)

Figure 13.20: Fixem Ωm a 0.20 (vermell), 0.25 (negre) or 0.30 (blau) i expliquem H(z) (Fig.13.19)
mitjançant una w constant que pot ser diferent a cada z

Chapter 14

Conclusions de: Distorsions en
l’espai de velocitats
a) Hem demostrat amb simulacions realistes que el quadrupol normalitzat Q(s) és un bon
estimador del paràmetre β, i de la dispersió efectiva de velocitats peculiars entre parelles
(a gran escala) i aquesta mesura és independent d’altres paràmetres com la densitat de
matèria de l’univers, l’amplitud o el biaix.
b) Veiem que només podem recuperar la funció de correlació en l’espai real per r <
30M pc/h a través de la integral de les distorsions a través de la direcció radial, amb
dades actuals. Per a escales majors que 30Mpc/h, la funció de correlació recuperada
està sistemàticament esbiaixada.
c) Hem trobat una aproximació analı́tica a l’error per ξ(π, σ) (veure §9.4.1), ideal per
distàncies perpendiculars σ grans. Aquesta aproximació ha estat provada amb un nombre elevat de simulacions numèriques. L’error JK estima l’error correctament per escales
perpendiculars σ < 20M pc/h, i sobreestima l’error real per escales majors.
d) Hem demostrat amb catàlegs falsos realı́stics (amb la funció de selecció de les galàxies
LRG, una àrea 1/8 del cel i 60 zones JK) que l’error JK funciona bé en totes les escales
per a: Q(s), monopol ξ0 (0), funció de correlació projectada Ξ(σ) i funció de correlació
en l’espai real ξ(r) (veure §8). També provem en detall en §9.7 el rang de validesa de
les eines i anàlisis que utilitzem a les mostres reals LRG.
e) Les velocitats peculiars a escales grans tracen la interacció halo-halo. Si mirem les velocitats peculiars en halos, tenim aproximadament les mateixes velocitats peculiars. Per a
escales petites, la dispersió de les velocitats peculiars σv canvia amb l’escala (veure §9.6).
f) En el capı́tol §10 estudiem en detall el nou catàleg SDSS DR6 de galàxies LRG i trobem
conclusions similars que els resultats previs per a catàlegs més petits.
g) En la secció §10.5, utilitzem el quadrupol Q(s) mesurat per estimar el paràmetre de
distorsió β.

202

14 Conclusions de: Distorsions en l’espai de velocitats

In §10.5, we use the measured quadrupole Q(s) to estimate the redshift distortion parameter β.
h) Estimem Ωm -Amp a grans escales (règim lineal) en la secció §10.6 utilitzant ξ(π, σ), on
Amp=b(z)σ8
i) Tenim una estimació de σ8 gràcies a les distorsions en l’espai de velocitats, que ens
permet trencar la degeneració existent entre el biaix i σ8 en la funció de correlació real.
Trobem σ8 = 0.8 − 0.9. També mesurem el biaix com a funció del “redshift”.
j) També hem presentat estimacions per a l’ı́ndex de creixement de perturbacions γ (que
indica modificació de gravetat) a través de les distorsions en l’espai de velocitats.
k) Obtenim una llei de potències per al bias no lineal a escales petites, que concorda amb
resultats previs.
l) Recuperem la dispersió de velocitats peculiars entre parelles σv com a funció de l’escala
per escales petites a través del monopol distorsionat. Aquest mètode funciona en simulacions realistes (§10.7.1 ).
m) En la secció §10.7.2 demostrem que el model simple de Kaiser convolucionat amb una
funció de velocitats peculiars amb una forma exponencial, pot explicar la forma complicada de ξ(π, σ) a escales petites, si afegim el biaix no lineal i una dispersió de velocitats
σv depenent de l’escala (constant en la direcció radial).
n) Quan comparem les diferents mostres en z, veiem que totes tenen un paràmetre de
distorsió β similar, valors consistents de Ωm i D(z)b(z) similars com en l’agrupament
estable.
o) Realitzem la correlació creuada entre LRG i CMB per a estudiar l’efecte ISW un altre
cop però en el catàleg espectroscòpic. Trobem un senyal que es pot explicar amb una
combinació de σ8 alt i potser també γ alt, tot i que a errors 1 − 2σ és compatible amb
el model estàndard.
p) El pic acústic ajuda a restringir el paràmetre w que descriu l’equació d’estat de l’energia
fosca, i és difı́cil d’obtenir de les distorsions en l’espai de velocitats o de l’efecte ISW.
Utilitzem la posició del pic BAO en la direcció radial, on el pic està magnificat, per
a obtenir valors més acurats de H(z). Els valors són compatibles amb els resultats de
WMAP5, però trobem errors més bons, que independentment, demostren una tendència
a valors w més alts amb una evidència de creixement amb el temps còsmic. Hem vist
que l’anisotropia en el pic en l’espai de velocitats és una bona oportunitat per obtenir
Ωm i w més acuradament.
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Gaztañaga, E. & Juszkiewicz, R., 2001. Gravity’s Smoking Gun? ApJ , 558, L1–L4.
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Spergel, D. N., Bean, R., Doré, O., Nolta, M. R., Bennett, C. L. et al., 2007.
Three-Year Wilkinson Microwave Anisotropy Probe (WMAP) Observations: Implications
for Cosmology. ApJS , 170, 377–408.
Szapudi, I., 2004. Wide-Angle Redshift Distortions Revisited. ApJ , 614, 51–55.
Szapudi, I., Prunet, S. & Colombi, S., 2001a. Fast Analysis of Inhomogenous Megapixel
Cosmic Microwave Background Maps. ApJ , 561, L11–L14.
Szapudi, I., Prunet, S., Pogosyan, D., Szalay, A. S. & Bond, J. R., 2001b. Fast
Cosmic Microwave Background Analyses via Correlation Functions. ApJ , 548, L115–L118.
Tegmark, M., de Oliveira-Costa, A. & Hamilton, A. J., 2003. High resolution foreground cleaned CMB map from WMAP. PRD , 68(12), 123523.
Tegmark, M., Eisenstein, D. J., Strauss, M. A., Weinberg, D. H., Blanton, M. R.
et al., 2006. Cosmological constraints from the SDSS luminous red galaxies. PRD , 74(12),
123507.
Tinker, J. L., 2007. Redshift-space distortions with the halo occupation distribution - II.
Analytic model. MNRAS , 374, 477–492.
Tinker, J. L., Norberg, P., Weinberg, D. H. & Warren, M. S., 2007. On the
Luminosity Dependence of the Galaxy Pairwise Velocity Dispersion. ApJ , 659, 877–889.
Tinker, J. L., Weinberg, D. H. & Zheng, Z., 2006. Redshift-space distortions with the
halo occupation distribution - I. Numerical simulations. MNRAS , 368, 85–108.
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