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A mis padres
y a mis abuelos.

The Cosmos is all that is or was or ever will be.
Our feeblest contemplations of the Cosmos

stir us – there is a tingling in the spine,
a catch in the voice, a faint sensation,
as if a distant memory, of falling from
a height. We know we are approaching

the greatest of mysteries.

Carl Sagan
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Abstract

In the last decades, cosmology has become a precision science thanks to the obser-
vations from the cosmic microwave background (CMB) anisotropies and also from
deep and wide cosmological surveys. These surveys observe hundreds of millions of
galaxies, improving the statistical power of the data. This, together with the devel-
opment of massive simulations and the improvement of computational techniques,
has made it possible to test the ΛCDM model, also known as the standard cosmo-
logical model or standard model of the Big Bang cosmology, to an unprecedented
level of accuracy. The Big Bang theory is supported by observational evidence pro-
vided by the accelerated expansion of the Universe, the existence and properties
of the CMB, the abundances of light elements and the large-scale structure (LSS)
observed today. All these observations are explained with great accuracy by the
ΛCDM model. It is based on the cosmological principle, which states that there are
no preferred positions or directions in the Universe, on the general theory of rela-
tivity, as the theory of the gravitational interaction, on inflation, which is a period
of exponential expansion of the Universe occurred at its very beginning, and on two
mysterious elements: dark matter, that explains the formation of the cosmological
structures that we observe today, and dark energy in the form of a cosmological
constant, Λ, which explains the expansion rate of the Universe.

Among the different constituents of the Universe according to the ΛCDM model,
dark energy is the most abundant one, making up 70% of the total energy content
of the Universe. There are several cosmological probes that seek to shed light on
the nature of dark energy. In this thesis, we focus on its study through the analysis
of the LSS observed in the low-redshift Universe. In particular, we focus on the
study of galaxy clustering, which provides cosmological information by means of the
determination of the spatial distribution of galaxies. This is characterised by the
two-point correlation function, ξ(r), which gives the excess over random probability
of finding two galaxies separated by distance r or, in other words, the correlation
between the galaxy density contrast measured at different spatial positions. The
galaxy samples on which galaxy clustering measurements are made are called lens
galaxy samples, since these galaxies act as the lenses that produce the weak lensing
shape distortions of background galaxies, dubbed source galaxies. Since the data
we work with in this thesis is photometric, the radial information is projected into
redshift bins, and the observable we really measure is the two-point angular corre-
lation function, w(θ). The galaxy correlation function is the Fourier transform of
the galaxy power spectrum, PG(k), which in turn can be related to the primordial
power spectrum of the fluctuations of the inflaton field, PR(k). This way, a connec-
tion between the early and late Universe is established. The power spectrum is a
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quantity of special interest in cosmology, since as long as the primordial fluctuations
were Gaussian, it provides a full statistical description of the fluctuations of the
different fields, such as the matter density. Galaxy clustering measurements, either
in real space with w(θ) or in Fourier space with PG(k), are then a powerful tool to
set constraints on cosmological parameters.

This dissertation has been developed within the Dark Energy Survey (DES), an
international collaboration that seeks to set tight constraints on the nature of dark
energy. DES has taken data for six years, observing 691M objects from the Victor
Blanco 4 m Telescope in Cerro Tololo, Chile. It has observed 5000 deg2, an area
equivalent to one eighth of the sky, in five broad optical photometric bands, grizY -
bands. The images were taken with the DECam instrument, a 570 megapixel camera
made up of 74 charge-coupled devices forming an hexagonal mosaic with a field-of-
view of ∼ 3 deg2. The data corresponding to the first three years of observations
(Y3) contain information about 399M of objects. These data are used to generate
the two lens galaxy samples employed during the DES-Y3 analyses: the MagLim
sample, a magnitude limited sample optimised to maximise the constraining power
on cosmological parameters that contains ∼ 11M galaxies, and the redMaGiC
sample, a selection of ∼ 3M luminous red galaxies that provides high quality photo-
metric redshifts. Having two different lens galaxy samples allows for cross-checking
different aspects of the analysis, such as the presence of potential systematic effects.

The results presented in this thesis have been obtained within the LSS working
group of DES, making use of the data corresponding to the Y3 period. In partic-
ular, the work developed here has been carried out as part of the DES-Y3 galaxy
clustering measurement and mitigation of observational systematics effort. In this
sense, it represents an essential input for the cosmological constraints obtained by
DES, not only for the w(θ) measurement itself, but also for all methodologies devel-
oped and applied for the decontamination from observational effects on the galaxy
samples. Among these observational systematics, we consider observing conditions,
such as seeing, airmass or sky brightness, survey properties, such as exposure time
or depth, and astrophysical sources, like stellar density and galactic dust extinc-
tion. To characterise these contaminants, we use survey property (SP) maps, which
are HEALPix maps that keep track of the spatial variations of different effects
concerning the imaging of the data. For Y3, we start with 107 of these SP maps.
Then, this number is reduced by means of two different methods developed as part
of this thesis: one based on identifying families of maps using Pearson’s correlation
matrices, and the other one applying a principal component analysis (PCA) to the
maps. This way, we define two bases of SP maps, the standard (STD) basis and
the principal component (PC) basis. Throughout this work we present results from
both map bases.

In order to mitigate the impact of observational systematics, we apply the Iterative
Systematics Decontamination (ISD) method. ISD is an iterative method that evalu-
ates the significance of the contamination caused by each SP map by means of fitting
the relationship between their values on the sky and the observed galaxy number
density. The significance, S1D, is obtained by calculating this same relationship on
log-normal mock catalogues, which are free of contamination. Once the SP map
with the highest significance is identified, ISD corrects for its impact by computing
a weight map, which is applied multiplicatively to the data, so the contamination is
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mitigated. Then, this process keeps running iteratively, applying correcting weights
to the data from the most contaminating SP maps until the significance of all of
them is below a threshold, T1D, that we fix beforehand. We also present the Elastic
Net (ENet) method, an alternative correction method that performs a multilinear
fit to all SP maps by means of an elastic net regularisation (LASSO+ridge regu-
larisations). This way, it controls the level of contribution of each SP map to the
correcting weights. The fiducial method used for the decontamination of the DES-
Y3 lens galaxy samples is ISD, while ENet serves for validation purposes. Finally,
we introduce the NN-weights, a set of correcting weights that are obtained through a
neural network technique. These weights have been used in the Y3 galaxy clustering
analysis as a cross-check to the assumption of linearity between observed data and
SP maps, on which ISD and ENet rely.

Once we obtain the correcting weights from ISD, it is necessary to validate them
to ensure that they do not impart any kind of bias on w(θ) and therefore on the
inference of cosmological parameters. In this dissertation we present the battery of
validation tests that have been implemented to accomplish this task. These tests
evaluate not only the weight maps themselves, but also allow us to find weaknesses
in our decontamination methods. The main biases that we look for are the false
correction bias and the residual systematic bias. The former is associated with over-
corrections caused by chance correlation between the SP maps and the density field
that are treated as actual contamination, thus removing real cosmological signal.
The latter is related with undercorrection of the data due to contamination that
has not being removed correctly. We determine the magnitude of these biases both
on the correlation function and on the inference of the cosmological parameter Ωm

and of the galaxy bias, bi, which are sensitive to the amplitude of w(θ). To perform
these tests, we use log-normal mocks with no contamination added and, in addition,
we generate a set of contaminated mocks that reproduce the systematic effects seen
on the data. The contamination imprinted on these mocks is obtained by running
ENet on MagLim and redMaGiC and on the full list of 107 STD maps. Then,
we decontaminate both types of mocks with ISD and a subset of SP maps in the
PC basis, ISD-PC<50, and in the STD basis, ISD-STD34. We conclude that the
level of false correction bias is well within the statistical uncertainty and then neg-
ligible for the cosmology results, while the size of the systematic uncertainty due to
the residual systematic bias cannot be neglected. In order to account for this bias,
we marginalise over it by adding its systematic contribution to the final covariance
matrix used for the cosmology fits. We also account for the difference between the
performance of ISD and ENet on the data for the same set of SP maps as an ad-
ditional systematic term to the covariance, although it is subdominant. Given the
increase in the statistical power of the DES-Y3 data, the characterisation and vali-
dation of the systematic correction applied to the data has been a major challenge.

Finally, we present the galaxy clustering results obtained from our two lens galaxy
samples after the systematic corrections are applied and validated. These results
represent the measurement of galaxy clustering on the largest data set of galaxies to
date. We detect galaxy clustering with a signal-to-noise of ∼ 63 for both samples.
The χ2 values from the fit of the 3×2pt best-fit theory prediction to the galaxy
clustering data, after accounting for the systematic contributions to the covariance,
are χ2 = 44.01 with 25 degrees of freedom for MagLim and χ2 = 70.00 with 37
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degrees of freedom. These χ2 values provide a lower bound of the goodness-of-fit
p-value of 0.011 for MagLim and of 0.0008 for redMaGiC. The redMaGiC worse
χ2 value is a known issue that has given rise to several cross-checks from numerous
aspects of the Y3 analysis, including the correction of observational systematics.
These additional tests are one of the main results presented in this manuscript, and
they have served to ensure the robustness of our corrections and analysis choices, as
well as to further improve our methodologies.

Galaxy clustering is one of the three main pillars upon which DES is able to set tight
constraints on cosmological parameters. The other two are cosmic-shear, which
is characterised by the correlation functions ξ±(θ), that measures the correlation
between shapes of source galaxies, and galaxy-galaxy lensing, given by γt(θ), which
measures the correlation between the position of lens galaxies and the shapes of
source galaxies. The combination of w(θ) and γt(θ) measurements yields the 2×2pt
probe. Cosmic-shear, or the 1×2pt probe, provides tight constraints on its own, but
it is not sensitive to all cosmological parameters. In order to increase the statistical
power of the measurements while breaking parameter degeneracies and reducing
systematic effects, the three probes are combined into the 3×2pt probe. This probe
has provided the tightest constraints to date on cosmological parameters within the
ΛCDM model and also within the generalised wCDM model at low redshift. The
matter density and clustering amplitude parameter values obtained by the DES-Y3
3×2pt analysis are Ωm = 0.339+0.032

−0.031, σ8 = 0.733+0.039
−0.049 and S8 = 0.776+0.017

−0.017, which
are in agreement with the latest results from Planck at 1.5σ level (p = 0.13). This
compatibility represents a major test to the validity of ΛCDM in explaining the
evolution of the Universe. In addition, constraints within the wCDM model are
also calculated, obtaining Ωm = 0.352+0.035

−0.041, w = −0.98+0.32
−0.20 and S8 = 0.775+0.026

−0.024.
After ensuring the statistical compatibility of the DES data with external data
sets from low-redshift probes and CMB at high redshift, the combined results yield
Ωm = 0.306+0.004

−0.005, σ8 = 0.804+0.008
−0.008 and S8 = 0.812+0.008

−0.008 within ΛCDM and Ωm =
0.302+0.006

−0.006, w = −1.031+0.030
−0.027 and S8 = 0.812+0.008

−0.008 within wCDM. Both the DES
only and the combined constraints favour w = −1, representing the most powerful
and precise test of the standard cosmological model.

The galaxy clustering analysis presented in this thesis, from the w(θ) measurements
through the correcting weights, which are also used for galaxy-galaxy lensing mea-
surements, to the thorough validation process, represent a key element to achieve
these results on the validity of ΛCDM. Moreover, given the increase in area and depth
explored by the upcoming cosmological surveys, such as LSST, Euclid or DESI, the
statistical errors are expected to be shrunk to unprecedented levels. Then, system-
atic effects are becoming the major source of uncertainty, so their correct charac-
terisation and mitigation is and will be one of the most important challenges to
be faced. After verifying the success of our methodologies and their validation, we
conclude that this is the way forward to deal with observational systematic effects
that the next generation surveys should follow.
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Resumen

En las últimas décadas, la cosmología se ha convertido en una ciencia de precisión
gracias a las observaciones del fondo cósmico de microondas (CMB por sus siglas
en inglés) y también con la realización de cartografiados cosmológicos profundos y
amplios. Estos sondeos observan cientos de millones de galaxias, lo que mejora la
potencia estadística de los datos. Esto, junto con el desarrollo de grandes simula-
ciones y la mejora de las técnicas computacionales, ha hecho posible poner a prueba
el modelo ΛCDM, también conocido como modelo cosmológico estándar o modelo
estándar de la cosmología del Big Bang o Gran Explosión, hasta un nivel de exigen-
cia sin precedentes. La teoría del Big Bang se apoya en las pruebas observacionales
que proporcionan la expansión acelerada del universo, la existencia y propiedades
del CMB, las abundancias de elementos ligeros y la estructura a gran escala obser-
vada en la actualidad. Todas estas observaciones son explicadas con gran precisión
por el modelo ΛCDM. Se basa en el principio cosmológico, que afirma que no hay
posiciones ni direcciones privilegiadas en el universo; en la teoría general de la rela-
tividad, como teoría de la interacción gravitatoria; en la inflación, que es un periodo
de expansión exponencial del universo que tiene lugar en sus inicios; y en dos enig-
máticos elementos: la materia oscura, que explica la formación de las estructuras
cosmológicas que observamos hoy en día, y la energía oscura en forma de constante
cosmológica, Λ, que explica el ritmo de expansión del universo.

Entre los diferentes constituyentes del universo según el modelo ΛCDM, la energía
oscura es la más abundante, constituyendo el 70% del contenido energético total.
Existen varias sondas cosmológicas mediante las que se puede arrojar luz sobre
la naturaleza de la energía oscura. En esta tesis, nos centramos en su estudio a
través del análisis de la estructura a gran escala (LSS por sus siglas en inglés)
observada en el universo a bajo desplazamiento al rojo. En particular, nos centramos
en el estudio del agrupamiento de galaxias (galaxy clustering), que proporciona
información cosmológica mediante la determinación de su distribución espacial. Ésta
se describe mediante la función de correlación de dos puntos, ξ(r), que da el exceso
de probabilidad de encontrar dos galaxias separadas por la distancia r respecto a
una distribución puramente aleatoria o, en otras palabras, la correlación entre el
contraste de densidad de galaxias medido en diferentes posiciones espaciales. Las
muestras con las que se realizan las medidas de agrupamiento se denominan muestras
de galaxias lente, ya que actúan como tales, y producen distorsiones en las formas
de las galaxias lejanas (o galaxias fuente) por efecto de lente gravitacional débil.
Como los datos con los que trabajamos en esta tesis son fotométricos, la información
radial se proyecta en intervalos de corrimiento al rojo, y el observable que realmente
medimos es la función de correlación angular a dos puntos, w(θ). La función de
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correlación de galaxias es la transformada de Fourier del espectro de potencias de
galaxias, PG(k), que a su vez depende del espectro de potencias primordial de las
fluctuaciones del campo del inflatón, PR(k). De este modo, se establece una conexión
entre el universo temprano y el actual. El espectro de potencias es una cantidad de
especial interés en cosmología, ya que siempre que las fluctuaciones primordiales sean
gaussianas, proporciona una descripción estadística completa de las fluctuaciones de
los diferentes campos, como el de densidad de materia. Las medidas de agrupamiento
de galaxias, ya sea en el espacio real con w(θ) o en el espacio de Fourier con PG(k),
son entonces una herramienta poderosa para medir los valores de los parámetros
cosmológicos.

Esta disertación se ha desarrollado dentro del Dark Energy Survey (DES), una co-
laboración internacional que busca entender la naturaleza de la energía oscura. DES
ha tomado datos durante seis años, observando 691M de objetos desde el Telesco-
pio Víctor Blanco de 4 m en Cerro Tololo, Chile. Ha observado 5000 deg2, un área
equivalente a un octavo del cielo, en cinco bandas fotométricas anchas en el rango
óptico, grizY. Las imágenes se tomaron con el instrumento DECam, una cámara
de 570 megapíxeles compuesta por 74 dispositivos de carga acoplada (CCDs) que
forman un mosaico hexagonal con un campo de visión de ∼ 3 deg2. Los datos
correspondientes a los tres primeros años de observaciones (Y3) contienen informa-
ción sobre 399M de objetos. Estos datos se utilizan para generar las dos muestras
de galaxias lente empleadas durante los análisis de DES-Y3: MagLim, una muestra
limitada en magnitud y optimizada para maximizar el poder de determinación de los
parámetros cosmológicos que contiene ∼ 11M de galaxias, y redMaGiC, una selec-
ción de ∼ 3M de galaxias rojas luminosas que proporciona desplazamientos al rojo
fotométricos de alta calidad. Disponer de dos muestras de galaxias lente diferentes
permite cotejar diferentes aspectos del análisis, como la presencia de posibles efectos
sistemáticos.

Los resultados presentados en esta tesis se han obtenido dentro del grupo de tra-
bajo LSS de DES, haciendo uso de los datos correspondientes al periodo Y3. En
particular, el trabajo aquí desarrollado se ha llevado a cabo como parte del proyecto
de medición del agrupamiento de galaxias y de mitigación de sistemáticos observa-
cionales en los datos DES-Y3. En este sentido, representa una aportación esencial
para las medidas cosmológicas obtenidas por DES, no sólo para la propia medición
de w(θ), sino también para todas las metodologías desarrolladas y aplicadas para
la descontaminación de los efectos observacionales en las muestras de galaxias. En-
tre estos sistemáticos observacionales, consideramos las condiciones de observación,
como el seeing, la masa de aire o el brillo del cielo; las propiedades del cartografiado,
como el tiempo de exposición o la profundidad; y las fuentes astrofísicas, como la
densidad estelar y la extinción por el polvo galáctico. Para caracterizar estos con-
taminantes, utilizamos los mapas de propiedades del cartografiado (SP maps por
sus siglas en inglés), que son mapas que se almacenan en formato HEALPix y que
dan cuenta de las variaciones espaciales de diferentes efectos relativos a la toma de
imagenes. Para el Y3, comenzamos con 107 de estos mapas SP. A continuación, este
número se reduce mediante dos métodos diferentes desarrollados en el marco de esta
tesis: uno basado en la identificación de familias de mapas utilizando matrices de
correlación de Pearson y el otro aplicando un análisis de componentes principales
(PCA) a los mapas. De este modo, definimos dos bases de mapas de SP, la base es-
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tándar (STD) y la base de componentes principales (PC). A lo largo de este trabajo
presentamos resultados utilizando ambas bases de mapas.

Para mitigar el impacto de los sistemáticos observacionales, aplicamos el método
Iterative Systematics Decontamination (ISD). ISD es un método iterativo que evalúa
la significación estadística de la contaminación causada por cada mapa SP mediante
el ajuste de la relación entre sus valores en el cielo y la densidad de número de
galaxias observada. La significación, S1D, se obtiene calculando esta misma relación
sobre catálogos simulados, libres de contaminación. Una vez identificado el mapa SP
con la mayor significación, ISD corrige su impacto calculando un mapa de pesos, que
se aplica multiplicativamente a los datos, de modo que se mitiga la contaminación. A
continuación, este proceso se ejecuta de forma iterativa, aplicando pesos correctores
a los datos a partir de los mapas SP más contaminantes hasta que la significación de
todos ellos esté por debajo de un umbral, T1D, que fijamos de antemano. También
presentamos el método Elastic Net (ENet), un método de corrección alternativo
que realiza un ajuste multilineal a todos los mapas SP mediante una regularización
elastic net (regularizaciones LASSO+ridge). De este modo, controla el nivel de
contribución de cada mapa SP a los pesos correctores. El método de referencia
utilizado para la descontaminación de las muestras de galaxias lente de DES-Y3
es ISD, mientras que ENet se usa para validación. Por último, introducimos NN-
weights, un conjunto de pesos correctores que se obtienen mediante una red neuronal.
Estos pesos se han utilizado en el análisis de agrupamiento de galaxias en DES-Y3
para verificar la suposición de linealidad entre los datos observados y los mapas SP,
en la que se basan ISD y ENet.

Una vez que obtenemos los pesos correctores con ISD, es necesario validarlos para
asegurar que no causan ningún tipo de sesgo en w(θ) y por tanto en la inferencia
de parámetros cosmológicos. En esta tesis presentamos la batería de pruebas de
validación que se han implementado para realizar esta tarea. Estas pruebas evalúan
no sólo los mapas de pesos en sí mismos, sino que también nos permiten encontrar
debilidades en nuestros métodos de descontaminación. Los principales sesgos que
buscamos son el sesgo por falsa corrección y el sesgo por sistemáticos residuales.
El primero se debe a posibles sobrecorrecciones causadas por la correlación fortuita
entre los mapas SP y el campo de densidad que son tratadas como contaminación
real, eliminando así señal cosmológica real. El segundo es una posible infracorrec-
ción de los datos debido a contaminación que no se ha eliminado correctamente.
Determinamos la magnitud de estos sesgos tanto en la función de correlación como
en la inferencia del parámetro cosmológico Ωm y de la relación galaxia-materia,
bi, ambos sensibles a la amplitud de w(θ). Para realizar estas pruebas, utilizamos
simulaciones sin contaminación añadida y, además, generamos un conjunto de sim-
ulaciones contaminadas que reproducen los efectos sistemáticos observados en los
datos. La contaminación impresa en estas simulaciones se obtiene aplicando ENet
en MagLim y redMaGiC y en la lista completa de 107 mapas STD. A continuación,
descontaminamos ambos tipos de simulaciones con ISD y un subconjunto de mapas
SP en la base PC, ISD-PC<50, y en la base STD, ISD-STD34. Llegamos a la con-
clusión de que el nivel de sesgo por falsa corrección está dentro de la incertidumbre
estadística en gran medida y, por lo tanto, tiene un efecto despreciable en los re-
sultados cosmológicos, mientras que el nivel de incertidumbre sistemática causada
por el sesgo por sistemáticos residuales no puede ser despreciada. Para tener en
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cuenta este sesgo, marginalizamos sobre él añadiendo su contribución como error
sistemático a la matriz de covarianza final utilizada para los ajustes cosmológicos.
También tenemos en cuenta la diferencia entre los resultados obtenidos con ISD y
con ENet en los datos para el mismo conjunto de mapas SP como un término sis-
temático adicional a la covarianza, aunque éste es subdominante. Dado el aumento
de la potencia estadística de los datos de DES-Y3, la caracterización y validación
de la corrección de sistemáticos aplicada a los datos ha sido un reto importante.

Por último, presentamos los resultados de agrupamiento de galaxias obtenidos a
partir de las dos muestras de galaxias lente una vez aplicadas y validadas las correc-
ciones de sistemáticos. Estos resultados representan la medición del agrupamiento
de galaxias obtenido en el mayor conjunto de galaxias hasta la fecha. La medida
tiene una relación señal-ruido de ∼ 63 para ambas muestras. Los valores de χ2 del
ajuste de la predicción teórica dada por 3×2pt a los datos de w(θ), después de tener
en cuenta las contribuciones sistemáticas a la covarianza, son χ2 = 44.01 con 25 gra-
dos de libertad para MagLim y χ2 = 70.00 con 37 grados de libertad. Estos valores
de χ2 proporcionan un límite inferior del p-value de bondad de ajuste de 0.011 para
MagLim y de 0.0008 para redMaGiC. El mal valor de χ2 de redMaGiC es un
problema conocido que ha dado lugar a varias reevaluaciones de numerosos aspec-
tos del análisis de DES-Y3, incluida la corrección de sistemáticos observacionales.
Estas pruebas adicionales son uno de los principales resultados presentados en este
manuscrito, y han servido para garantizar la robustez de nuestras correcciones y
elecciones en el análisis, así como para mejorar aún más nuestras metodologías.

El agrupamiento de galaxias es uno de los tres pilares principales sobre los que DES
se apoya para medir el valor de los parámetros cosmológicos. Los otros dos son la
distorsión cósmica (cosmic-shear) de las formas de las galaxias, que se caracteriza
por las funciones de correlación ξ±(θ), la cual mide la correlación entre las formas de
las galaxias fuente, y el efecto lente entre galaxias (galaxy-galaxy lensing), descrito
por γt(θ), que mide la correlación entre la posición de las galaxias lente y las formas
de las galaxias fuente. La combinación de las mediciones de w(θ) y γt(θ) da lugar a la
sonda 2×2pt. La distorsión cósmica de las formas de las galaxias, o la sonda 1×2pt,
proporciona medidas de parámetros cosmológicos por sí sola, pero no es sensible
a todos ellos. Con el fin de aumentar la potencia estadística de las mediciones,
rompiendo al mismo tiempo degeneraciones en los parámetros y reduciendo efectos
sistemáticos, las tres sondas son combinadas para dar la sonda 3×2pt. Esta sonda
ha proporcionado las medidas más precisas hasta la fecha de los valores de los
parámetros cosmológicos dentro del modelo ΛCDM y también dentro del modelo
generalizado wCDM a bajo desplazamiento al rojo. Los valores de los parámetros de
densidad de materia y amplitud de agrupamiento de galaxias obtenidos por el análisis
de 3×2pt de DES-Y3 son Ωm = 0.339+0.032

−0.031, σ8 = 0.733+0.039
−0.049 y S8 = 0.776+0.017

−0.017, los
cuales están de acuerdo con los últimos resultados de Planck a 1.5σ (p = 0.13). Esta
compatibilidad representa una prueba muy relevante de la validez de ΛCDM como
explicación de la evolución del universo. Además, también se miden los parámetros
del modelo wCDM, obteniendo Ωm = 0.352+0.035

−0.041, w = −0.98+0.32
−0.20 y S8 = 0.775+0.026

−0.024.
Después de asegurar la compatibilidad estadística de los datos de DES con conjuntos
de datos externos obtenidos a partir de sondas de bajo desplazamiento al rojo y de
medidas del CMB a alto desplazamiento al rojo, los resultados combinados dan Ωm =
0.306+0.004

−0.005, σ8 = 0.804+0.008
−0.008 y S8 = 0.812+0.008

−0.008 para ΛCDM y Ωm = 0.302+0.006
−0.006,
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w = −1.031+0.030
−0.027 y S8 = 0.812+0.008

−0.008 para wCDM. Tanto las medidas con solo los
datos de DES como las que usan datos combinados favorecen w = −1, representando
así la prueba más potente y precisa del modelo cosmológico estándar.

El análisis del agrupamiento de galaxias presentado en esta tesis, desde las medi-
ciones de w(θ), pasando por el cálculo de los pesos correctores, que también se
utilizan para las mediciones del efecto lente entre galaxias, hasta el exhaustivo pro-
ceso de validación, representan un elemento clave para lograr estos resultados sobre
la validez de ΛCDM. Además, dado el aumento del área y la profundidad explorada
por los próximos sondeos cosmológicos, como LSST, Euclid o DESI, se espera que
los errores estadísticos se reduzcan a niveles sin precedentes. De este modo, los
efectos sistemáticos se están convirtiendo en la principal fuente de incertidumbre,
por lo que su correcta caracterización y mitigación es y será uno de los retos más
importantes a los que hay que enfrentarse. Tras comprobar el éxito de nuestras
metodologías y su validación, concluimos que éste es el camino a seguir para tratar
los efectos sistemáticos observacionales que deberían seguir los sondeos cosmológicos
de próxima generación.
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Chapter 1

The Standard Cosmological Model:
ΛCDM

A long time ago, everywhere.... the Universe came into existence with a rapid
expansion from an initial state of extremely high density and temperature, according
to the current consensus in cosmology. This is the so-called Big Bang theory for the
the early moments of the Universe and it was first proposed by Georges Lemaître
in 1927 [144]. The events that occurred during this initial phase gave rise to the
Universe with the properties we observe today. The four fundamental pillars that
reinforce this theory and that have been confirmed observationally are the expansion
of the Universe through the Hubble-Lemaître law [120], the abundances of light
elements explained by the Big Bang Nucleosynthesis [18], the existence of the cosmic
microwave background observed by Penzias and Wilson [179] and the large-scale
structure in the distribution of galaxies [178].

Within the Big Bang cosmological framework, observations confirm that the so-
called ΛCDM model, also referred to as the standard cosmological model or stan-
dard model of the Big Bang cosmology, provides the current best description of the
Universe, since it accounts for a host of observational results. Its constituents today
are dominated by dark energy in the form of a cosmological constant, Λ, cold dark
matter and ordinary matter. The cornerstones upon which the ΛCDM model is
built are the cosmological principle, Einstein’s general theory of relativity, inflation
and the properties of the different energy-matter components of the Universe. In
the following sections we summarise each of these necessary elements that lead to
the formulation of the standard cosmological model.

1.1 Cosmological principle

At small scales, the Universe presents different kinds of structures: from galaxies,
which have sizes in the order of ∼ 10 Kpc, through galaxy groups and clusters of
∼ 100 Kpc, super-clusters of ∼ 10 Mpc, to larger structures, such as walls, filaments
or voids in the order of ∼ 100 Mpc. From this point on, the Universe looks smooth,
no clear structures can be identified. This is known as the statistical homogeneity
of the Universe or, more commonly, the cosmological principle, which states that,
viewed on a sufficiently large scale, the properties of the Universe are the same for
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CHAPTER 1. THE STANDARD COSMOLOGICAL MODEL: ΛCDM

Figure 1.1: Illustration of the concepts of homogeneity and isotropy and how they are
not equivalent. The two left figures represent a three-dimensional homogeneous but
anisotropic universe and an 3D inhomogeneous but isotropic universe, respectively.
The two right figures represent the same concept in two dimensions (http://abyss.
uoregon.edu/~js/cosmo/lectures/lec05.html).

all observers. It also assumes that the same laws of physics dictate in all places,
although this could also be true for inhomogeneous universes. In other words, we
are not on a special position in the Universe, and the place we occupy represents a
fair sample of it, where the same laws of physics apply and the metric is invariant
under spatial translations and rotations.

More formally, the cosmological principle assumes the homogeneity and isotropy of
the Universe. These two concepts may seem equivalent but they represent different
properties taking the Universe as a whole. Homogeneity means that viewed at large
scales the density of the Universe looks the same at any point of it, i.e. there
are no special or preferred places from which to observe. Isotropy means that, at
large scales, there is no special or preferred direction in which the structures in
the Universe look different. More formally, homogeneity refers to the invariance of
the physical laws under spatial translations and isotropy refers to their invariance
under spatial rotations. This difference is illustrated in Figure 1.1. In this sense, the
cosmological principle is a Copernican principle [181]. In addition, a consequence of
isotropy is that there is no center of the Universe and of its expansion: it appeared
everywhere and it expands from everywhere to everywhere.

Most of the observations to date confirm the applicability of the cosmological prin-
ciple: both the structures observed at large scales [16] and the radiation detected
from the CMB at those scales [99] are very isotropic with respect to our position as
well. This is, of course, after removing the dipole anisotropy present on the CMB
due to the relative movement between Earth within the Milky Way and the last
scattering surface. The fact that moving observers can see this kind of effects means
that the cosmological principle and what it states can be used to define a privileged
class of observer or reference system: the comoving observer or system. In this priv-
ileged system, the matter distribution and the CMB are observed as homogeneous
and isotropic, respectively. Moreover, two observers at the same instant of time
measured from a common event, as the Big Bang, will measure the same age of the
Universe. Therefore, it is possible to establish the equivalence of two coordinate
systems as follows: if we perform some astronomical observation from the comoving
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1.2. Friedmann-Lemaître-Robertson-Walker metric

system and we describe it in terms of the comoving coordinates, xµ = (t, xi), so we
determine the metric tensor, gµν , the energy-momentum tensor, Tµν , and any other
field in these coordinates, then a different set of spacetime coordinates, x′µ, may be
deemed equivalent to xµ [238] if the whole history of the Universe appears the same
as in the original system. This can be expressed as

gµν(x) = g′µν(x
′) and Tµν(x) = T ′µν(x

′) . (1.1)

Therefore, the coordinate transformation x→ x′ must be an isometry and all tensors
must be form-invariant under this transformation. In the next sections we summarise
the consequences of the cosmological principle in the context of the metric tensor
and the general theory of relativity.

1.2 Friedmann-Lemaître-Robertson-Walker metric
Once the comoving reference frame has been introduced, it is necessary to define the
metric that meets the requirements imposed by the cosmological principle. From
now on, unless otherwise stated we will assume c = 1 and we will use the sign
convention (+ − −−) to define the metric. Let us start writing the spacetime
interval ds in comoving coordinates, (t, xi), and in terms of the metric we need to
find [48]:

ds2 = gµνdx
µdxν = g00dt

2 + 2 g0idtdx
i + gijdx

idxj . (1.2)

First of all, in order to ensure isotropy, the terms g0i must vanish, which allows to
separate the time and space parts.

Let us suppose now that we stay at rest in the comoving frame, so the only change in
coordinates experienced is {t, xi} → {t+ dt, xi}, that is, we do not change position
from one constant time hyper-surface to another. Then, the interval is given by
ds2 = g00dt

2. In addition, if we are at rest, we are at our proper frame, from which
the measured interval is ds2 = dτ 2, where τ is the proper time. But, since we are
also at rest in the comoving frame, the time interval that we measure is dt, and
therefore dt = dτ . Thus, we have that ds2 = g00dt

2 = dτ 2 = dt2, so g00 = 1. Taking
this into account, the interval can be expressed as

ds2 = dt2 + gijdx
idxj . (1.3)

where gij is the part of the metric corresponding to hyper-surfaces of constant t. In
order to characterise this part of the metric, it can be written in spherical coordinates
(spherically symmetric Universe) as

gij dx
idxj = −a2 (λ2(r) dr2 + r2(dθ2 + sin2 θ dφ2)) , (1.4)

where a is a factor that normalises the distances and λ(r) is an arbitrary function of
r. To ensure the isotropy of the metric, the normalising factor a cannot depend on
the angular coordinates, since otherwise that would introduce a preferred direction.
On the other hand, any dependence it could have with r could be factored out
and absorbed by the other terms, redefining a. Then, the only possibility is that
a = a(t). Finally, homogeneity can be introduced by calculating the Ricci scalar of
the spatial part of the metric, 3R,

3R = gij Rij =
2

a2r2

d

dr

[
r

(
1− 1

λ2(r)

)]
. (1.5)
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Note that in this expression a acts as a constant, since we are at constant t hyper-
surfaces (the indices run only over spatial coordinates). Now, homogeneity is intro-
duced by imposing 3R 6= 3R(r), so there are no special places from the point of view
of spatial curvature. Then, the λ(r) function has the form

λ(r) =
1√

1− kr2 − p/r
, (1.6)

where k and p are constants. To make λ(r) be regular around r = 0, then p = 0.
Finally, with all these considerations the metric takes the form

ds2 = dt2 − a2(t)

(
dr2

1− kr2
+ r2 (dθ2 + sin2 θ dφ2)

)
. (1.7)

This the Friedmann-Lemaître-Robertson-Walker (FLRW) metric, the most general
metric that meets the conditions of homogeneity and isotropy imposed by the cos-
mological principle. The factor k determines the curvature of the constant time
hyper-surfaces, since

3R =
6k

a2
, (1.8)

with a evaluated at a fixed t. This factor takes values in the set {−1, 0, 1}, with
each value corresponding to a open, flat and closed Universe, respectively. Under
the requirement of homogeneity, these correspond to three-dimensional hyperbolic,
Euclidean and elliptical spaces, respectively. The scale factor a(t) determines the
expansion rate of the Universe over time. It also introduces a normalisation of
distances given by this metric. The most common choice is to choose this factor to
be one at present time, that is, a(t0) = 1. One peculiarity about the FLRW metric
is that it presents two different radii that are related with two different distances:

• Radial or line of sight comoving distance, χ: this gives the radial distance to
objects in comoving coordinates. It is defined as

χ =

∫ r

0

dr′√
1− kr′ 2

. (1.9)

As it can be seen, it is a function of the other radial coordinate (see next item
of this list), r. Depending on the geometry of the Universe, it has the form

χ =


1√
k

arcsin(r
√
k) , if k > 0 ,

r , if k = 0 ,
1√
|k|

arcsinh(r
√
|k|) , if k < 0 .

(1.10)

• Transverse comoving distance, r: this radius is related with the measurement
of transverse distances and separations, as it is explained in Section 1.4, since
it appears on the angular part of the metric. As it can be seen, for a flat
universe, i.e. k = 0, we have that r = χ. This means that in the case of an
Euclidean space, the radius that describes the angular or transverse distances
is the radial comoving distance.

Both the transverse and radial distances are defined as comoving as well, because
they have factored out a(t), so in the absence of cosmic expansion and of peculiar
velocities (additional to Hubble’s flow) they remain constant.
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1.3 General relativity and the FLRW metric
To obtain the evolution of the expansion rate, parameterised by a(t), it is necessary
to solve Einstein’s field equations for the FLRW metric. The general theory of
relativity [76] states that the presence of any kind of matter or energy affects the
curvature of spacetime and, in doing so, it affects the mass-energy dynamics. This
is described by the field equations,

Rµν −
1

2
gµν R + gµν Λ =

8πG

c4
Tµν . (1.11)

This equation is the analogue of the Poisson equation: the gravitational field gen-
erated by a distribution of matter with energy-momentum tensor Tµν is described
by a metric tensor, gµν , which is solution of these equations. The first two terms on
the left hand side, also referred to as the geometry side of the equation, are equal
to Einstein’s tensor, Gµν . The appearance of the Λ term is a consequence of Love-
lock’s theorem, which states that in a four-dimensional spacetime the only tensor,
Eµν , that can be built with the metric tensor and its first and second derivatives
and that is conserved, that is, ∇µE

µν = 0 (with ∇µ the covariant derivative) is a
linear combination of Gµν and the metric with constant coefficients, that is, the full
left hand side of Equation 1.11. Here, Λ is an arbitrary constant, but it has rather
relevant observational consequences [44]. This constant also appears on the right
hand side of the Poisson equation, so it can be interpreted as a vacuum energy.
Nevertheless, since its effect is not detectable on scales the size of the Solar Sys-
tem, the value of Λ must be very small (according to the latest results from Planck,
Λ = (4.24 ± 0.11) · 10−66 eV2 [187]). In any case, this term appears naturally and
there is no reason to leave it out. Due to this interpretation as a vacuum energy, the
Λ term is frequently moved to the right hand side or matter-energy side of Equation
1.11, where it acts as a source term independent of any kind of matter distribution.
Then, the energy-momentum tensor can be redefined as

T̃µν = Tµν −
Λ

8πG
gµν = Tµν − ρΛ gµν . (1.12)

The Λ constant is more commonly known as the cosmological constant and, accord-
ing to the latest results from cosmological surveys (see Section 1.8.3 and Chapter 7),
it is responsible for the accelerated expansion of the Universe. As it can be seen, a
density can be defined for Λ, which has a constant value over time and space, since
it is independent of both coordinates.

Solving Einstein’s equations allows to derive the dependence of the scale factor
with time. Moreover, the dependence of a(t) with the matter-energy content of the
Universe is established through the energy-momentum tensor. For this purpose, the
different components in the Universe under the ΛCDM standard are assumed to
behave as a perfect fluid, i.e. there is no energy dissipation due to internal friction,
no viscosity and no thermal conductivity. The energy-momentum tensor for each
component of this fluid is given by [168]

T̃µν = (ρ+ p)uµuν + p gµν , (1.13)

where ρ is the energy density, p is the pressure and uµ is the relativistic 4-velocity
of the fluid. Since we assume homogeneity, both ρ and p can depend only on time
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and T µν is diagonal due to isotropy. Tµν has contributions from three fluids: matter
(m, encompassing both baryonic and dark matter), radiation (r) and Λ. Then, it
can be written as

T̃µν =
∑
i

T (i)
µν , (1.14)

where T (i)
µν is the energy-momentum tensor of each individual component (i = m, r,

Λ), which we assume to have the form of Equation 1.13 for each of them (each fluid is
treated as perfect separately, and it is assumed that there are no interactions between
them). Furthermore, it is considered that each T (i)

µν is conserved independently, that
is, T (i)µν

;ν = 0 (so T̃ µν ;ν = 0 as well). Solving this for µ = 0 provides the energy
conservation equation:

ρ̇(i) + 3H (ρ(i) + p(i)) = 0 , (1.15)

where the Hubble parameter (not actually a constant, since it is constant only in
space at fixed time) is defined as

H(t) ≡ ȧ(t)

a(t)
. (1.16)

When evaluated at present time we get H0, which is usually referred to simply as
the Hubble constant. It has units of [km s−1 Mpc−1] and it relates the recessional
velocity of galaxies with their distance to us. Its value obtained from the latest
results of the Planck mission is shown in Table 1.1.

Considering each fluid to have a barotropic (density is function of pressure only)
equation of state, i.e.

p(i) = w(i) ρ(i) , (1.17)

and assuming w(i) to be constant, the solution to Equation 1.15 is

ρ(i) ∝ a−3(1+w(i)) . (1.18)

Then, the energy density of each component scales with a(t) depending on the value
of w(i). The solutions are:

• Matter: for a matter particle gas we have that ρm = ρMc
2 and pm = ρMC

2,
with c the speed of light and C =

√
RT the speed of matter via thermal

scattering. If we consider the matter to be non-relativistic cold matter, then
C � c, so

wm = pm/ρm ≈ 0 . (1.19)

Then,
ρm = cm a

−3 . (1.20)

• Radiation: for a relativistic particle gas, i.e. a radiation gas, we have that
3kT = pr = µc2. Considering the law of perfect gases, pr ≈ kTρr/µc

2, so we
obtain

wr = 1/3 . (1.21)

Then,
ρr = cr a

−4 . (1.22)
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Figure 1.2: Evolution of the energy density of matter (blue), radiation (red) and
cosmological constant (black) as a function of the scale factor, a(t). As it can
be seen, there are three distinct eras, distinguished by the dominant component
(https://www.mdpi.com/2218-1997/2/4/23/htm).

• Cosmological constant: according to Equation 1.12, where ρΛ was defined, the
density of this component is constant over time and space, since Λ is. Treating
the Λ fluid the same way as the other components, then we obtain that

wΛ = −1 (1.23)

in order to have
ρΛ = cΛ . (1.24)

Therefore, the cosmological constant acts as fluid of negative pressure, so it
does not behave as a particle gas.

Since the scale factor is chosen to be a(t0) = a0 = 1, where t0 is the present
time, the proportionality constants are the energy density values today, that is,
ρm,0, ρr,0 and ρΛ,0. The evolution of each energy density is showcased in Figure 1.2.

Once the energy density of each component has been defined, we can go back to
solve

Rµν −
1

2
gµν R = 8πG T̃µν . (1.25)

The Einstein’s field equations for a universe described by the FLRW metric and con-
taining a perfect fluid provide the evolution the scale factor over time. Calculating
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Rµν for µ, ν = 0, 0 (note that T 00 = ρ) and R and applying Einstein’s equation, we
get

H2 +
k

a2
=

8πG

3

∑
i

ρ(i) =
8πG

3
ρ . (1.26)

This is known as Friedmann’s equation and it relates the total energy density, ρ, with
the rate of expansion and the curvature, k. Note that, looking at this equation, the
curvature can be assigned an energy density ρk = −3 k a−2/(8πG), with k constant.
Combining this equation with the equations of the spatial terms (i, j equations), we
obtain a second equation:

ä

a
=
−4πG

3

∑
i

(ρ(i) + 3p(i)) =
−4πG

3
(ρ+ 3p) . (1.27)

This is called the acceleration equation and it gives the expansion rate as a function
of the total energy density, ρ, and the total pressure, p. It can be seen how for matter
and radiation, which always have ρ, p ≥ 0, the factor ä < 0, so the expansion is
decelerated if any of these fluids dominates. On the other hand, in order to have
accelerated expansion, that is, ä > 0, then ρ+3p must be negative in Equation 1.27,
so p < −ρ/3. Any fluid that meets this condition is called dark energy. From this
point of view, Λ, with its wΛ = −1 is a particular case of dark energy.

Instead of using the energy density, it is more common to employ the denstity
parameter, Ω(i), which is defined as

Ω(i) =
ρ(i)

ρc

. (1.28)

The ρc parameter is the critical density, which is defined as density today that gives
zero curvature assuming that the cosmological constant is also zero (this definition
is independent of the actual value of Λ), so

ρc ≡
3H2

0

8πG
= 1.88h2 · 10−29 g · cm−3 , (1.29)

where
h ≡ H0/(100km · s−1 ·Mpc−1) (1.30)

is the reduced Hubble constant. If we define the total density parameter, Ω, such
that it accounts for matter, radiation, Λ and curvature, we obtain that Ω = 1. This
can be seen by evaluating Equation 1.26 at present time:

H2
0 =

8πG

3
(ρm,0 + ρr,0 + ρΛ,0)− k . (1.31)

Using the definition of ρc in this equation, we get

1 = Ωm,0 + Ωr,0 + ΩΛ,0 + Ωk,0 , (1.32)

where
Ωk,0 =

−k
H2

0a
2
0

. (1.33)

This is the so-called cosmic sum rule and it holds not only at present time, but at
all times. We also note that ΩΛ,0 = ΩΛ. Finally, writing Friedmann’s equation in
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1.3. General relativity and the FLRW metric

terms of the density parameters and using the dependence of ρ(i) with a as seen
above, we obtain

H2(a) = H2
0 (Ωm,0 a

−3 + Ωr,0 a
−4 + ΩΛ + Ωk,0 a

−2) . (1.34)

This is the Friedmann’s equation as a function of the scale factor, and it relates the
expansion rate with the energy content of each element of the model. In Table 1.1 we
summarise the values of some of the density parameters from the most recent results
from Planck [187]. For some specific cases it is possible to find explicit solutions of
a(t) from Friedmann’s Equation:

• Universe with matter only and no curvature, Ωm = 1:

a(t) =

(
3

2
H0t

)2/3

(1.35)

This solution is used for the matter-dominated era.

• Universe with radiation only and no curvature, Ωr = 1:

a(t) = (2H0t)
1/2 (1.36)

This solution is used for the radiation-dominated era.

• Universe with cosmological constant only and no curvature, ΩΛ = 1 (de Sitter
Universe):

a(t) = eH0t . (1.37)

This solution is used for the Λ-dominated era and for the inflationary period.

The scale factor determines the state of the expansion of the Universe as a function
of time. Another way of determining this state is to use the redshift, z. The redshift
is the change in frequency or wavelength that light emitted by distant objects, such
as galaxies, suffers due to their velocities. It is defined as

z ≡ λobs − λem

λem

, (1.38)

where λobs refers to the observed wavelength from the object and λem corresponds
emitted wavelength. The latter can be determined when observing a particular
spectral feature, such as an emission line, at rest on a laboratory. Proper motions
and the expansion of the Universe are the cause of these wavelength shifts (to the
redder end of the spectrum in the latter case). Since both the scale factor and the
redshift are a measure of the expansion rate, they can be related by the following
expression:

λobs

λem

=
a(t0)

a(tem)
=

1

a(tem)
= 1 + z , (1.39)

Then, it is possible to express Equation 1.34 as

H2(z) = H2
0 (Ωm,0(1 + z)3 + Ωr,0(1 + z)4 + ΩΛ + Ωk,0(1 + z)2) . (1.40)

9



CHAPTER 1. THE STANDARD COSMOLOGICAL MODEL: ΛCDM

1.4 Cosmological distances and horizons
Measuring distances is one of the main tools in cosmology. In this section we describe
the different distances it is possible to work with. Moreover, the FLRW metric has
the peculiarity of having horizons, which set limits to the distances at which past
events can be observed or at which future events will be observable [239, 181]. We
also introduce these horizons here.

1.4.1 Distances

Radial comoving distance, χ

This distance has already been introduced in Section 1.2 (Equation 1.9). However,
after obtaining the Friedmann equations, it is possible to relate this distance with
the scale factor and with the redshift. Let us suppose a photon travelling to us from
a galaxy far, far away. Its interval is light-like so, ds2 = 0, and its trajectory would
be (in the absence of gravitational lensing) purely radial, so dt2 = a2(t) dχ2. Then,

χ =

∫ t0

t1

dt

a(t)
=

∫ z

0

dz′

H(z′)
, (1.41)

where we have used the definition of the Hubble parameter from Equation 1.16 and
Equations 1.39 and 1.40. As seen in Section 1.2, this distance is related to the
transverse comoving distance, r, being both equal in the case of a flat universe. χ
is of special interest, since the rest of the distances can be expressed in terms of it
and it contains all cosmological information in the Hubble parameter H.

Luminosity distance, dL

This distance is based on the apparent luminosity method. It is based on the rela-
tionship between the bolometric (that is, integrated over all frequencies) luminosity,
L, of an object and its bolometric flux, F ,

F =
L

4πd2
L

. (1.42)

However, this relation is valid only for an Euclidean space with no expansion. In
order to generalise it, several aspects must be taken into account [20]. First of all,
the luminosity on the previous equation corresponds to that emitted by the source,
Ls, but the flux F depends on the observed luminosity, Lo. Then, F = Lo/S,
where S = 4πa0r

2, with a0 = 1 and r the transverse comoving distance defined
above (which is associated with the angular part of the FLRW metric, as mentioned
before). Then, the luminosity distance can be expressed as

d2
L =

Ls

Lo

r2 . (1.43)

The luminosities can be written as L = ∆E/∆t, with ∆E the light energy emitted
or detected and ∆t the interval in which the light energy is emitted or detected.
The energy of the photons is given by ∆E = h/λ, with h the Planck constant.
Then, the ratio ∆Es/∆Eo = λo/λs, which can also be written as a0/as = 1 + zs,
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1.4. Cosmological distances and horizons

by Equation 1.39. The constancy of the speed of light, c = λ/∆t also implies that
∆to/∆ts = λo/λs = 1 + z. Putting all this together, we get

Ls

Lo

=
∆Es

∆Eo

∆to
∆ts

=
λo

λs

∆to
∆ts

=
ao

as

∆to
∆ts

= (1 + z)2 . (1.44)

Therefore, the luminosity distance is finally defined as

dL(z) = (1 + z) r . (1.45)

Experimentally, dL can be determined if the emitted luminosity of the object can
be known. This kind of objects are known as standard candels. The most famous
ones are the SNe Ia, for which the luminosity can be determined by calibrating the
width of their light curves. Cepheid stars are also used as standard candels, since
there is a relationship between the variability period of their brightness and their
absolute magnitude. RR-Lyrae stars, which are variable stars with periodic changes
in their brightness are another example. Once the luminosity or absolute magnitude,
M is known, the luminosity distance can be obtained comparing with the apparent
magnitude, m, by means of the distance modulus,

µ ≡ m−M = 5 log

(
dL

1 Mpc

)
+ 25 . (1.46)

Angular diameter distance, dA

Another way of measuring distances consists on using objects of known physical size
and comparing with the angular or apparent one. However, this measurement is
also affected by the expansion of the Universe, as dL is. In an Euclidean space with
no expansion, the relation between the angular size, θ, of an object and the distance
to it, dA, is given by

θ =
D

dA
, (1.47)

where D is the physical size (the arc) of the object. In order to account for the
expansion, we use the FLRWmetric. In particular, since we are interested in angular
sizes, and to simplify calculations, we consider the two extreme points that determine
the size to be separated along the θ coordinate only. Therefore, the line element we
are interested in given by the FLRW metric is

dD2 = a2(ts) r
2
s dθ

2 , (1.48)

where rs is the transverse comoving distance to the source and ts is the time the light
was emitted, since that gives the physical size that the object had at the instant we
are sensitive to now. Then, the angle subtended on the sky is simply

θ =
D

a(ts) rs

. (1.49)

Comparing with Equation 1.47, the angular diameter distance is defined as

dA =
r

1 + z
. (1.50)

Both dA and dL distances are related by the expression

dA =
dL

(1 + z)2
, (1.51)

known as the reciprocity or Etherington relation [20] and its valid for any metric
beyond FLRW as long as the flux is conserved.
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1.4.2 Horizons

Hubble horizon or Hubble sphere, dH

Given a galaxy in space, its physical distance to us is given by

dphys(t) = a(t) dcom . (1.52)

dcom is the comoving distance to the galaxy. If it has no peculiar velocities, then
the only cause for its increasing distance over time is the expansion of the Universe,
described by a(t). Let us now calculate the speed at which the object is moving
away from us:

vphys(t) = ḋ(t) = ȧ(t) dcom = H(t) dphys(t) , (1.53)

where we have used the definition of H(t). This is equal to the Hubble’s law for the
recessional velocity of galaxies as a function of their physical distance. If we now do
vphys = c = 1 and if we define

dH(t) = H−1(t) , (1.54)

then we see that {
dphys(t) < dH(t) =⇒ v < c ,

dphys(t) > dH(t) =⇒ v > c .
(1.55)

dH(t) is the Hubble radius or horizon, and it sets a limit between recessional velocity
of objects faster or slower than the speed of light. This limit depends on time, so
its change can be calculated:

ḋH(t) =
d

dt

(a
ȧ

)
= 1− a

ȧ2
ä , (1.56)

which gives the expansion velocity of the Hubble sphere. What determines the
sign of the second term in the right hand side is ä, that is, the acceleration of the
expansion. If the expansion is decelerated, ä < 0, then ḋH(t) > 1 (in units of c),
which means that the Hubble sphere expands faster than light, so galaxies further
away than dH(t), i.e. receding away from us faster than light at time t, will enter
the Hubble horizon at some moment, since they will be reached by the sphere. On
the other hand, if the expansion is accelerated, ä > 0, so ḋH(t) < 1. This means
that the Hubble sphere expands slower than the galaxies outside of it at time t are
receding away from us, so those galaxies will not enter the horizon. At present time,
that frontier is given by dH(t0) = H−1

0 (often referred to as the Hubble length).

If instead of distances to galaxies, we consider the physical size or scale of structures,
this same reasoning applies. During inflation, the expansion is accelerated, so all
physical scales, λ, are pushed out of the Hubble horizon (actually, if the expansion
during inflation is de Sitter, then a(t) ∝ eHt, so H(t) is constant). Later, during the
radiation and matter dominated eras, the expansion is decelerated, so the Hubble
sphere expands faster than light, allowing ever-larger physical scales to enter the
horizon and thus forming larger structures.

The Hubble radius also gives a measure of the spacetime curvature: within it, the
spacetime curvature can be neglected and it is possible to work as in an expand-
ing Universe with a metric conformal to a Minkowski one. This allows the start
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1.4. Cosmological distances and horizons

of the structure creation (see next chapter) once the matter-domination era begins.
Outside the radius, the spacetime curvature is important. In this regime, the per-
turbations that give rise to cosmic structures are frozen, so the structures do not
evolve.

Particle horizon, dP

The particle horizon is defined as the maximum distance that a photon can have
travelled from the Big Bang until now, that is, over the age of the Universe. For a
light-like interval, a photon following a radial geodesic defines the distance to this
horizon as

dP (t) = a(t)

∫ t

0

dt′

a(t′)
. (1.57)

Note that this is also a physical distance, since it is multiplied by the scale factor.
This radius defines the size of causally connected regions. If the integral converges
at t = 0, then there is a limit or horizon for the distance a particle can have travelled
since the Big Bang. That means that at present time there are regions that have not
been in causal contact yet. This is the case of a universe with its expansion dictated
by a scale factor that depends on time as a(t) ∝ tα, with α < 1, for which the
integral converges. This happens for a universe dominated by matter (a(t) ∝ t2/3),
or one dominated by radiation (a(t) ∝ t1/2). Therefore, for decelerated expansion
there is a limit to the size of the regions causally connected.

On the other hand, if the expansion is accelerated, the integral does not converge
at t = 0, so there is no limit to the distance at which regions in the Universe can
have been causally connected since the Big Bang until now.

Event horizon, dE

The event horizon is complementary to the particle horizon. It sets the distance to
regions of the Universe beyond which we will never be in causal contact. That is, if
we emit a photon today, it defines the maximum distance at which objects will be
reachable by the photon in an infinite amount of time. Formally, this is written as

dE(t) = a(t)

∫ ∞
t

dt′

a(t′)
. (1.58)

In this case, if the expansion of the Universe is decelerated, the integral diverges at
t → ∞, so there is no limit to the regions reachable to us in infinite time. On the
other hand, if the expansion is accelerated, the horizon is finite, so regions beyond it
will be never in causal contact with us. As time goes by and the Universe expands
accelerating, more regions will fall out the event horizon, becoming unobservable to
us.

Size of the observable Universe, dvis

This is simply the maximum distance that a photon can have travelled freely, without
been scattered since the Universe became transparent after the decoupling. It is
defined as

dvis =

∫ t0

tdec

dt′

a(t′)
. (1.59)
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CHAPTER 1. THE STANDARD COSMOLOGICAL MODEL: ΛCDM

This gives the distance to the last-scattering surface.

1.5 Cosmic inflation
The classical Big Bang theory alone provides an accurate description of the Universe
after ∼ 1 s from its beginning until today, according to our observations. However,
before that first second, the classical theory fails to explain two features that we
observe in the current Universe. These are the flatness problem and the horizon
problem. Here we summarise briefly these two problems and how the ΛCDM model
incorporates a key element to solve them: inflation.

Flatness problem

The current value of Ωk is very close to zero (Ωk = 0.0007± 0.0037 from the latest
results obtained by Planck [187]). The value of this parameter has evolved over time
as

Ωk =
−k
a2H2

. (1.60)

After the Big Bang, the Universe was first dominated by radiation, with a(t) ∝ t1/2,
and after that by matter, with a(t) ∝ t2/3. This means that during these periods of
time, the density parameter of curvature has evolved as Ωk ∝ t and t2/3. Therefore,
this parameter has been growing since the Big Bang until it reaches its very small
value today. Going back in time, this means that for example at the Planck era,
very shortly after the Big Bang, |Ωk| < 10−64 [200]. This implies that, according
to the cosmic sum rule, |Ω − 1| < 10−64 at that time, so the total density, ρ, was
extremely close to the critical value, ρc, being even closer at earlier times. At these
orders of magnitude, the smallest departure from this value would be enhanced over
time, resulting in a Universe different from what we observe. Then, in order to
obtain our Universe, the initial conditions should have been extremely well fine-
tuned to the critical value, indicating that there must be some process that dictates
this behaviour.

Horizon problem

If we calculate the comoving distance between two points on the last scattering
surface separated 180◦, assuming that from decoupling until now the Universe has
been dominated by matter, we obtain

d = 2

∫ zdec

0

dz

H0

√
Ωm (1 + z)3

' 7.2H−1
0 , (1.61)

taking into account that zdec ' 1100. The physical distance between these two
points at any moment is given by dphys(t) = a(t)d. This evolution as a function of
the scale factor is represented by the blue line in Figure 1.3.

On the other hand, according to Equation 1.57, the particle horizon during an epoch
dominated by radiation is given by dH(t) ' t = a2, where it must be taken into
account that during this period a(t) ∝ t1/2. The evolution of the particle horizon
as a function of a is represented by the orange line in Figure 1.3 (note that after
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1.5. Cosmic inflation

Figure 1.3: Evolution over time of the physical distance between points, A and B,
separated by 180◦ today on the CMB (blue line) and of the particle horizon (orange
line). As it can be seen, the particle horizon at the moment of decoupling was many
times smaller than the physical separation between A and B at that time. The fact
that both points are observed in thermal equilibrium on the CMB today suggests
that they must have been in causal contact on the past. This is the so-called horizon
problem.

matter-radiation equality the Universe is dominated by matter, so the gradient of
the line should change, but for simplicity we assume that radiation dominates). As
it can be seen in the Figure, the points that we see today separated by 180◦ on the
sky were separated by a distance far beyond the particle horizon for that time. If
this is so, we are again in a situation where the initial conditions must have been
very well fine-tuned, so they explain the fact that we observe photons that have
thermalised to the same temperature on the CMB or, in other words, they explain
the temperature homogeneity seen on the CMB.

Inflation

Between 1979 and 1980, Alexei Starobinski [220] in the Soviet Union and simulta-
neously Alan Guth [107] (1980 - 1981) in the United States proposed that a period
of exponentially accelerated expansion after the Big Bang could help to solve the
problems that the Big Bang theory alone presents. This is the so-called cosmic in-
flation or simply inflation. After it was first proposed, the model was revisited and
improved by Andrei Linde [151] and by Andreas Albrecht and Paul Steinhardt [15].

There is not a unique inflation model, but a set of them (mostly differentiated by the
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Figure 1.4: Left panel : illustration of how regions or particles which were causally
connected before inflation (top figure) are pushed out of the Hubble horizon (bottom
figure) by the exponential expansion, leaving them causally disconnected and solving
the horizon problem [71]. The Hubble horizon is represented by the big circle,
which remains approximately constant during inflation. Right panel : illustration
of how the exponential expansion during inflation made the radius of curvature of
the Universe so large that today it is essentially perceived as flat, similar to what
happens on the surface of the Earth [98].

form of the potential of the postulated field driving the inflation), although they all
have in common that they predict an initial period of time of accelerated expansion.
Having such an exponential expansion phase at the very beginning of the Universe
solves the flatness and horizon problems: qualitatively, the flatness problem is solved
because for an exponential expansion aH ∝ eHinflt (taking into account that in this
case, by its definition from Equation 1.16, H remains constant), so Ωk(t) ∝ e−2Hinflt

(see Equation 1.60). That means that the curvature parameter decays exponentially,
so even if it starts with a large value, it is rapidly shrunk. The horizon problem
is solved because physical scales that at the beginning of inflation were well within
the Hubble horizon (for that time), being therefore in causal contact, were suddenly
stretched out and pushed out the Hubble horizon by the rapid expansion. This
results in effectively increasing the particle horizon, making it possible to regions
that are very far away from each other during the recombination epoch to have been
in causal contact in the past. The effect of inflation in these problems is depicted in
Figure 1.4.

Inflation is driven by a scalar field called the inflaton, φ. After defining the action
of the inflaton field for the FLRW metric and applying variations to it, the motion
equation of the field in an expanding space is obtained [239]:

φ̈+ 3Hφ̇+ V ′(φ) = 0 , (1.62)

where the inflaton field is assumed to be homogeneous, so φ = φ(t), and V (φ) is its
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1.5. Cosmic inflation

Figure 1.5: Summary of the main events occurred during ∼ 14 billion years of cos-
mic history. (https://www.esa.int/ESA_Multimedia/Images/2013/03/Planck_
history_of_Universe#.YQMutAp_BtQ.link).

potential. The term 3Hφ̇ acts as a friction term with viscosity H. If 3Hφ̇ ≈ −V ′,
then the motion is similar to that of a overdamped harmonic oscillator, which allows
the inflation to end. This is important, because contrary to the expansion caused by
Λ, we know that the inflation comes to an end at some moment, therefore it must be
driven by a different element. On the other hand, inflation has to last enough time
in order to be able to solve the flatness and horizon problems. One of the solutions
that addresses these requirements is the slow-roll approximation, named this way
because it analogous to having the field slowly rolling down its potential, since its
kinetic energy is much smaller than its potential, i.e. φ̇2 � V (φ). The balance
between an inflationary period that lasts sufficient time and has an end point is
determined by the slow-roll parameters, which are defined as [239]

ε ≡ 1

16πG

(
V ′

V

)2

, δ ≡ V ′′

8πGV
− ε and η ≡ V ′′

8πGV
. (1.63)

The conditions for slow-roll impose that during inflation ε, δ, η � 1. The inflation-
ary phase comes to its end when ε, |η| ∼ 1.

What happens during inflation is also fundamental to properly understand the for-
mation of large-scale structures later. The field φ suffers quantum fluctuations of
random nature due to the uncertainty principle, which are assumed to be Gaussian.
During the inflation phase, these fluctuations of the inflaton field are magnified
and stretched out in every direction beyond the Hubble horizon, where they remain
frozen. These fluctuations are the seeds of the perturbations in the curvature and
the density fields that give rise later to the formation of cosmic structures through
gravitational collapse. Therefore, the formation of the structures that we see today
is a consequence of inflation. Inflation predicts these perturbations to be almost but
not exactly scale invariant. Scale invariant here means that the Gaussian fluctua-
tions at all scales are equally contributing to the metric perturbations. The physical
scales that leave the Hubble sphere first are the last to reenter once inflation is
over, as the Universe expands, which explains the evolution of structure formation
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(see Chapter 2). As is explained in Section 2.1, these fluctuations are described
by the primordial power spectrum, PR(k), which is fully characterised by its ampli-
tude, As, and its spectral index, ns. This spectral index is related to the slow-roll
parameters and inflation predicts it to be slightly smaller than 1, causing a small
departure from scale invariance. This has been confirmed by observations by Planck
[187] (ns = 0.9649 ± 0.0042) and the Dark Energy Survey [68] (ns = 0.969+0.004

−0.003),
providing great support of the inflationary paradigm. Finally, inflation, with its ex-
ponential expansion of the perturbations in all directions in an almost scale invariant
way, is a means to meet the homogeneity and isotropy conditions imposed by the
cosmological principle. Figure 1.5 illustrates the main events, including inflation,
the Universe has gone through since its beginning at the Big Bang.

1.6 Observational basis of ΛCDM
ΛCDM owes its success to the precise prediction and explanation of different na-
ture, such as the expansion rate of the Universe, the existence and structure of the
cosmic microwave background, the abundances of light elements and the large-scale
structure of the Universe. It has also made predictions, such as the existence of the
baryon acoustic oscillations, that have been later confirmed to be present. In this
section we summarise some of the most important observational confirmations of
the validity of the cosmological standard model .

Accelerated expansion

In the local Universe, the relation between the distance to galaxies and the velocity
at which they recede from us is given by the Hubble’s law [120], which establishes
the linear relation

v = H0D . (1.64)

However, this simple linear relation is no longer valid at high redshifts. This hap-
pens because at greater distances the energy content of the different components
must be taken into account, as it is introduced in previous sections (see Equation
1.40). In addition to this, in 1998 it was discovered that the Universe does not only
expand, but it is also accelerating. This was done observing the luminosity of distant
supernovae (SNe) type Ia, since they are objects of known luminosity, so they can
be used to determine distances. It was observed that SNe at greater redshifts were
dimmer than expected in a non-accelerating Universe with high significance. This
relation is shown in the Hubble diagram of Figure 1.6. These observations led to the
discovery of accelerated expansion of the Universe and the dark energy [198, 180],
setting the ground for the validation of the ΛCDM model.

Cosmic Microwave Background

During the radiation dominated era that followed inflation, both baryonic matter
and radiation were coupled, so the mean free path of the photons was very short. As
the Universe expanded the temperature decreased until it was low enough (∼ 3000 K)
for electrons to be able to combine with protons without interference from photons.
About ∼ 380000 years after the Big Bang, corresponding to a redshift of zdec ∼ 1100,
the decoupling took place, making the Universe transparent. We are nowadays

18



1.6. Observational basis of ΛCDM

Figure 1.6: Hubble diagram made with observations of supernovae type Ia. It relates
the brightness of the supernovae with the redshift of their host galaxies. More dis-
tant, i.e. fainter, supernovae are associated with galaxies more redshifted, that is, re-
cessing way faster. Blue region corresponds to accelerating universes and pink region
to decelerating ones. (https://www.darkenergysurvey.org/the-des-project/
science/).

receiving the radiation from that time as the cosmic microwave background (CMB),
the first light that traveled unhindered throughout the Universe. In Figure 1.7 we
show the latest CMB map obtained by the Planck satellite. In 1992 the Cosmic
Background Explorer (COBE) satellite determined that the CMB has a thermal
blackbody spectrum at a temperature of (2.72548± 0.00057) K [158, 159, 89], which
evolves over time as TCMB = 2.72548 (1 + z).

The CMB radiation is almost uniform in all directions, which is a signature of the
isotropy of the Universe. However, it presents small fluctuations with respect to
this uniformity or anisotropies with a very specific pattern. These anisotropies have
been observed by space observatories, such as the Wilkinson Microwave Anisotropy
Probe (WMAP) [34] and the Planck mission [183, 185, 188], and also by ground-
based experiments, such as the Atacama Cosmology Telescope (ACT) [59] and the
South Pole Telescope (SPT) [221]. The CMB anisotropies are of two different types:
primary anisotropies, caused by processes that take place at the last scattering sur-
face and before, and secondary anisotropies, which are due to the interactions of
the CMB radiation with gravitational potentials and hot gas that it finds while
travelling towards us. The structure of the primary anisotropies contains plenty of
cosmological information: before decoupling, both baryonic matter and photons are
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Figure 1.7: Anisotropies of the cosmic microwave background measured by
the Planck satellite (https://www.esa.int/ESA_Multimedia/Images/2018/07/
Planck_s_view_of_the_cosmic_microwave_background#.YQKwQedUCW0.link).

coupled forming a fluid. Matter tends to collapse by gravitation (following the po-
tentials created by the electromagnetically non-interacting dark matter), enhancing
anisotropies, while photons tend to diffuse and remove the anisotropies (Silk damp-
ing). These competing forces result in the baryon acoustic oscillations (BAO), which
create a representative peak structure in the angular power spectrum of CMB. This
feature is shown in Figure 1.8. The value of the density of each component of the
Universe and the spatial curvature affects the position of these peaks, so measuring
the power spectrum is a great tool for testing models.

There are several cosmological models that predict a blackbody spectrum as that
of the CMB, but only the ΛCDM model succeeds in explaining the homogeneity
and overall isotropy together with the the magnitude, structure and evolution of the
small anisotropies. The latest fits to the measurements obtained by Planck [187]
and DES [68] show that the data greatly favour the cosmological standard model,
with the parameters shown in 1.1. Regarding the homogeneity and isotropy, the
fact that they are observed on the CMB at scales larger than the particle horizon at
recombination, together with their compatibility with early quantum fluctuations,
is in agreement with the inflation paradigm.

Light element abundances

The abundances of light elements in the Universe can be used as well to confirm the
validity of the ΛCDMmodel. Within the Big Bang framework, the light elements are
created during the so-called Big Bang nucleosynthesis (BBN). The BBN takes place
at epochs where the mean energy of the Universe was between 10 MeV and 100 keV.
This is an energy range at which the physics of the processes is well known, so it
is possible to make reliable predictions. The main nuclear reactions that take place
during BBN are shown in the left panel of Figure 1.9 [38]. The predictions are made
as a function of the number of photons per baryon, for which it is useful to define
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1.6. Observational basis of ΛCDM

Figure 1.8: Temperature power spectrum of the CMB obtained by the Planck mis-
sion [187] with the best-fit.

η10 = 1010 (nB/nγ) = 274 Ωbh
2. The value of Ωb can be obtained from the CMB, so

it is possible to make a prediction of the abundances for this measured value. The
predictions of ΛCDM for the abundances of D, 3He, 4He and 7Li as a function of η10

are represented by the narrow coloured lines in the right panel of Figure 1.9. The
vertical grey line represents the value of Ωbh

2 measured on the CMB by Planck [184].
Then, those predictions can be compared with measurements of the abundance of D
[133], 3He [24], 4He [95] and 7Li [58], which are represented by the horizontal lines
in the right panel of Figure 1.9. As it can be seen, the ΛCDM predictions are in
great agreement with the measurements, which represents an additional statement
in favour of the cosmological standard model.

Large-scale structure of the Universe

The formation of the structures that we can observe today in the Universe is ex-
plained by the ΛCDM model. This model predicts the fluctuations present on the
CMB due to the coupling of photons and baryons while the cold dark matter col-
lapses by gravitation, setting the seeds for the formation of structures, from smaller
to larger scales. Once the decoupling occurs, the fluctuation patterns of the CMB
are imprinted in the distribution of matter, that collapses into gravitational poten-
tials. This way, the CMB sets the initial conditions for large-scale structure (LSS)
formation. The signature of one of the most characteristic features on the CMB,
the BAO, has been observed in the clustering of galaxies at the late Universe [77],
confirming another prediction of the standard cosmological model.
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Figure 1.9: Left panel : main nuclear reactions occurring during BBN [38]. Right
panel : Relative abundances of D, 3He, 4He and 7Li as a function of Ωbh

2. The
theory predictions correspond to the narrow coloured lines and the horizontal lines
represent the measured abundances of those elements. Predictions are in great
agreement with the data for the value of Ωbh

2 measured on the CMB [184] (http:
//www.astro.ucla.edu/~wright/BBNS.html).

Furthermore, in the recent years there has been a great development of huge cos-
mological simulations [234]. When setting these simulations so ΛCDM dictates the
evolution of structure formation, and using the CMB as initial conditions, it is ver-
ified that the LSS of the resulting simulations has the same statistical properties as
the observed Universe. In Chapter 2 we will see the connection between the LSS
observed today and the primordial Universe.

1.7 ΛCDM: principal elements of the model
In this section we summarise the main ingredients that characterise the cosmolog-
ical standard model. These are the dark matter, the dark energy and a series of
cosmological parameters that fully describe the model together with a set of de-
rived parameters that can be obtained using the rules and mathematical framework
described before.

1.7.1 Dark matter

The existence of dark matter was first proposed by Fritz Zwicky in 1933 [245] after
applying the virial theorem to velocities of the galaxies in the Coma cluster, finding
that its actual mass should be 400 times bigger than the visible one. Dark matter
was also proposed as a solution to the problem of the rotation curves of spiral
galaxies, since it was concluded that the rotation speed of the galaxies is too high
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1.7. ΛCDM: principal elements of the model

Figure 1.10: Image in optical, X-ray (pink) and with the effect of gravitational
lensing (blue) of the Bullet cluster. This is one of the most important confirmations
of the existence of dark matter (https://www.esa.int/ESA_Multimedia/Images/
2007/07/The_Bullet_Cluster2#.YQQgQr3qiqg.link).

to be sustained by the only amount of matter that is visible to us. Therefore, the
galaxies must contain additional mass in the form of some matter that does not seem
to interact electromagnetically. Moreover, this mysterious form of matter should be
dominant over regular or baryonic matter. More indications of the existence of dark
matter came later, especially in the 1980s [233] with observations performed by Vera
Rubin during the 1960s and the 1970s.

The first image with a clear separation between baryonic and dark matter was ob-
tained observing the Bullet cluster, shown in Figure 1.10. This cluster is composed
by two galaxy clusters that collided across our line of sight, which enables to dis-
tinguish between the galaxies in optical (observed by the Magellan and the Hubble
space telescope), that are separating, and the hot gas that emits in X-ray (observed
by the Chandra telescope), represented in pink at the center of the Bullet cluster
and containing most of the ordinary matter. However, when observing the gravita-
tional lensing produced by the two colliding clusters on the background galaxies, it
is determined that most of the total matter of the cluster is concentrated around
the galaxies, represented in blue in the image, and therefore it is dominated by dark
matter.

This kind of matter is the so-called dark matter and there are several explanations
proposed for its nature, which remains completely unknown yet. There are several
experiments investigating this form of matter currently, which use three main differ-
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ent approaches to the problem: direct detection, indirect detection and production
in laboratory. Galaxy surveys can also shed light on the nature of dark matter by
observing the number and distribution of faint satellite galaxies within galaxy halos
[170].

From the point of view of cosmology, the observations of the CMB and of the galaxy
and large-scale structure formation set constraints on the nature of the dark matter
as well. For example, CMB measurements already show that the density parameters
of baryonic matter and dark matter are different. There are also a lot of simulations
that fit the observations only if the density parameter of the total matter content
of the Universe, Ωm, is about 0.3. Moreover, in order to explain the structures
that we observe today in the Universe, dark matter is required to be composed by
non-relativistic particles, what is called cold dark matter (CDM). This way, CDM
plays a mayor role in the cosmological history and within the ΛCDM model, since
this form of matter starts its gravitational collapse before the baryonic matter, since
it is not coupled with the photons (although part of the CDM is dragged by the
baryons during their oscillatory movement), creating gravity wells that will later
host galaxies.

1.7.2 Dark energy

According to all observations, the Universe is expanding at an accelerated rate, as
mentioned in Section 1.6. A Universe with only matter and radiation would have
a decelerated expansion due to the gravitational attraction, so the expansion must
be caused by a different agent. As aforementioned, this component should act as a
negative pressure fluid in order to produce the accelerated expansion (see Equation
1.27). Such a fluid is called dark energy, and we saw that the cosmological constant,
Λ, is a particular case of dark energy with equation of state w = wΛ = −1. There
are alternative candidates proposed to address the question of what is the nature
of dark energy is, such as phantom dark energy, with w < −1, or quintessence,
with −1 < w < −1/3 [20]. These models use to be encompassed with the so-called
wCDM model, where w is essentially allowed to be different from −1. Moreover, it
would also be possible that the equation of state of the dark energy could vary over
time. This can be parameterised as [52, 152]

w = w0 + wa (1− a) = w0 + wa
z

1 + z
. (1.65)

Other theories also propose that the accelerated behaviour of the Universe is not
due to a mysterious component, but to an incompleteness of the General theory of
Relativity at large scales [12]. All observations carried out until now, making use
of different techniques and probes (see Section 1.8.1) support that what is behind
dark energy is the cosmological constant [187, 68, 67, 7], although the increasing
precision of cosmological surveys can lead to tensions between experimental results
and unveil unknown physics that were hidden by statistical and systematic uncer-
tainties. Whatever the nature of the dark energy, this component of the Universe is
the most abundant one, since it represents about 70% of the energy content of the
Universe (ΩΛ ≈ 0.7), making it responsible of driving the fate of the Universe.
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1.7.3 Cosmological parameters

Under the ΛCDM framework, the cosmological model can be completely described
by six independent parameters: the matter density parameter, Ωm, which can be
separated into baryons, Ωb, and cold dark matter, Ωcdm, the Hubble parameter, h,
the spectral index of the primordial power spectrum of scalar perturbations, ns, and
its amplitude, As, and the optical depth at reionisation, τ . The model itself does
not provide a theory prediction for these parameters, except for ns from inflation,
which establishes that ns . 1. ΛCDM provides the elements to describe the history
of the Universe and of the processes occurring in it, but it is a matter of observing
to determine whether particular values of these parameters match the observations.

Using Friedmann’s equations (see Equation 1.40) and the rules derived from them,
such as the cosmic sum rule, the rest of the cosmological parameters present on the
model can be determined, such as ΩΛ. Nevertheless, some of these are coupled and
present degeneracies, especially when determined with some observables, as with
correlation functions (see Sections 1.8.1 and 7.2). For this reason, it is important
to combine data and estimations of cosmological parameters from different probes
and experiments to increase the statistical power of the measurements and to break
degeneracies and reduce the impact of systematic effects. In Table 1.1 we show some
of the latest best-fit values for some of these cosmological parameters obtained by
the Planck mission [187] and by the third year of observations of DES [68].

Parameter Planck DES Y3 + Planck
+ external data

Ωb 0.0490± 0.0010 0.0487+0.0005
−0.0004

Ωcdm 0.2607± 0.0023 0.2573+0.004
−0.005

Ωm 0.3111± 0.0056 0.306+0.004
−0.005

ΩΛ 0.6889± 0.0056 0.694+0.004
−0.005

As (2.105± 0.030) · 10−9 -
ns 0.9665± 0.0038 0.969+0.004

−0.003

τ 0.0561± 0.0071 -
H0 (67.66± 0.42) km · s−1 ·Mpc−1 (68.00+0.40

−0.30) km · s−1 ·Mpc−1

σ8 0.8102± 0.0060 0.804+0.008
−0.005

Table 1.1: Values of some of the cosmological parameters obtained from the latest
results from Planck [187] and the joint fit of DES data with Planck and additional
external data [68] (see Section 7.2). Note that ΩΛ = 1− Ωm for ΛCDM. DES does
not provide As, but the σ8 parameter, which is correlated with the former.

1.8 Measurement of the cosmological parameters

1.8.1 Cosmological probes of dark energy

In order to confirm the existence of dark energy and to determine its nature, the
Dark Energy Task Force (DETF) [14] defined the main observational techniques
for this purpose. These techniques can be divided in two types: geometrical and
evolution probes. The former are based on the measurement of distances, while the
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latter rely on measuring the evolution of cosmological structures. In the following
list, we introduce the probes that are currently used:

• Type Ia supernovae, SNe Ia: this kind of supernovae occur in binary stellar
system in which one of the stars (the exploding one) is a white dwarf. The
white dwarf absorbs material from its companion star until it reaches the
Chandrashekar limit, moment at which it explodes. The maximum luminosity
of the supernova is related with the duration of the event (the width of the
light curve). This makes them excellent standard candles. In fact, the first
experimental evidence [180, 198] of the dark energy was discovered observing
this kind of supernovae. SNe Ia are a geometrical probe, since they relate
luminosity and distance by means of the distance modulus (see Equation 1.46).

• Abundance of galaxy clusters: the number of galaxy clusters, dNc/dz is sensi-
tive to the dark energy through the growth factor of matter density fluctuations
(see Section 2.2) and its explicit dependence with cosmology is given by [93]

d2Nc(z)

dzdΩ
=

c

H(z)
d2
A(1 + z)2

∫ ∞
0

f(M, z)
dnc(z)

dM
dM , (1.66)

where dnc(z)/dM is the density of clusters with mass M in comoving coor-
dinates and f(M, z) is the probability of detecting such clusters. From the
theoretical point of view, the main limitation of this probe is that the clus-
ter density is not precisely characterised from first principles, and it relies on
the Press-Schechter formalism [194]. From the observational point of view,
the main problems are the location of galaxy clusters and the estimation of
their masses, which can be determined by X-ray observations or through the
Sunyaev-Zel’dovich effect [223]. Galaxy clusters are both a geometrical and a
evolution probe.

• Baryon acoustic oscillations: this method consists on measuring the BAO fea-
ture on the spatial distribution of galaxies. Then, the measurement of the
BAO is a powerful geometrical probe, since the position of its peak can be
known through theory and can be projected back in time to the CMB. Then,
the BAO can be used as a standard ruler. It is sensitive to dark energy through
its evolution with redshift.

• Weak lensing: The mass fields placed along the line of sight between us and
distant galaxies makes the light to follow complicated trajectories during its
path. This results in the distortion of the shapes of objects and in the magni-
fication of their apparent brightness. Statistically, the ellipticity of the lensed
galaxies is expected to be non zero and it is related with the underlying mass
field and with the cosmological parameters [93]. This is a powerful geometrical
probe and it traces the growth of structure as well, although it also requires a
careful analysis of the data to control and mitigate systematics.

Besides these classical probes, there are two new ones that are gaining prominence
thanks to the development of the technique. One of these probes are gravitational
time delays due to strong gravitational lensing, which make use of the measurement
of the time delays between the multiple images of a gravitationally lensed source
with variable photometry, such as a quasar [226]. This probe gives direct measure-
ments of distances, providing cosmological information that is very complementary
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to other probes [229]. The other probe are gravitational waves from black hole and
neutron star mergers, which can be used as standard sirens when combined with ob-
servations of electromagnetic counterparts [4, 5, 3]. Multi-messenger gravitational
wave astronomy represents a great new tool to investigate the nature of dark energy
and fundamental properties of gravity [23, 86].

1.8.2 Combined analyses of galaxy clustering and weak lens-
ing: the 3×2pt probe

In addition to the probes presented above, there is another very important probe
of cosmological parameters that sheds light on the nature of dark energy as well:
galaxy clustering. Actually, the BAO measurement can be considered an aspect of
galaxy clustering, since both rely on the same observable: the spatial distribution of
galaxies, that is characterised by the correlation function and the power spectrum.
While BAO measurements focus on the scales where this feature is present (as a
function of redshift), galaxy clustering analyses the amplitude and shape of the
correlation function at all scales (smaller and larger than the BAO scale). This is
covered in detail in Chapter 2.

Galaxy clustering alone can provide constraints on Ωm, although it is not able to
do it tightly on the full set of cosmological parameters, since it is not sensitive
to all of them or it is sensitive to combinations of them, introducing degeneracies,
such as that between galaxy bias and σ8 (see Section 2.2.3). On the other hand,
weak lensing is more powerful at constraining some cosmological parameters, such
as Ωm and S8, although these measurements can be highly affected by systematic
effects. For this reason, in the last years one probe has shown to be able to take
the best from these individual probes: the combined analysis of galaxy clustering
and weak lensing correlation functions. Having both galaxy clustering and weak
lensing measurements, which are related to galaxy positions and shapes, respectively,
enables to calculate three different correlation functions:

• Position-position: galaxy clustering correlation function, w(θ) (see Section
2.4). It is measured on samples of lens galaxies, named so because they act as
lenses for the gravitational lensing;

• Shape-shape: cosmic-shear correlation function, ξ±(θ). It is measured on sam-
ples of source galaxies, which are galaxies at higher redshift than the lenses
and that suffer the lensing;

• Position-shape: galaxy-galaxy lensing correlation function, γt(θ). Positions
are measured on the lens galaxies while shapes are obtained from the source
galaxies.

Cosmic-shear does not contain information about clustering. It can provide tight
constraints on its own but, on the other hand, it is not sensitive to the galaxy bias
(see Section 2.2.4). Cosmic-shear only measurements are commonly referred to as
the 1×2pt probe. Then, it is possible to perform a combined analysis of both galaxy
clustering and galaxy-galaxy lensing, obtaining the 2×2pt probe. Finally, combining
the three individual probes the maximum constraining power is achieved. This is the
so-called 3×2pt probe [67, 68]. This probe is powerful not only because it provides
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tighter constraints, but also because combining complementary probes helps to break
parameter degeneracies and to constraint systematic effects.

In this thesis we have obtained measurements of the angular correlation function
of galaxy clustering using data from the Year 3 of the Dark Energy Survey (see
Chapter 3 for more details on these data). In the next chapter we introduce in
more detail how the clustering measurements are related with cosmology and the
cosmological parameters. Then, we focus on the process the data must undergo to
remove the effects of systematic contaminants in order to obtain reliable clustering
measurements.

1.8.3 State of the art of cosmological measurements

As aforementioned, ΛCDM has been established as the model that explains the
evolution of the Universe, from its expansion rate to the growth of the structures
in it. However, the very physical nature of the two main components of this model,
dark matter and dark energy, are not well understood yet. For this reason, the trend
during the last years has been to further test ΛCDM by means of high precision
cosmological probes as the ones introduced in the previous subsection, with special
emphasis on cosmic-shear and the 3×2pt approach. This task is being accomplished
by galaxy surveys that cover wide areas of the sky, the so-called Stage-III surveys.
Among them, eBOSS [62], KiDS [63], HSC-SSP [11] and DES [227] stand out (see
Chapter 3 for more details in galaxy surveys, in particular for DES). The other
major experiment in providing tight constraints on ΛCDM is the Planck Observatory
[228]. These experiments probe the Universe at two very distinct moments: Planck
observes the CMB, that is, the early or high-redshift Universe, while the other optical
surveys explore the low-redshift realm. Therefore, comparing the predictions for
structure evolution from ΛCDM at these different stages provides an extraordinary
test to this model of cosmology.

We are living a moment of special interest regarding low and high-redshift Universe
comparisons, since some tension between the measurements from these two cosmic
epochs could be present in the data: within flat ΛCDM, lensing surveys seem to
prefer lower values of the matter fluctuation amplitude parameter, σ8, and of the
structure growth parameter, S8 (see Section 2.2.3), than that inferred by Planck
[184, 187]. This can be seen in Figure 1.11. Cosmic-shear analyses, such as those
by HSC-SSP [113], KiDS [22] and CFHTLenS [130], and 3×2pt analyses, such as
KiDS [112] and DES Year 1 [67] report differences of about 2−3σ in this parameter
with respect to Planck. Though this difference is not statistically significant yet, the
trend observed among the lensing experiments to prefer lower σ8/S8 values, could
be an indication of some incompleteness on ΛCDM to explain the full evolution of
the Universe. Then, this tension may point towards physics beyond the standard
cosmological model, such as dynamical dark energy or modified gravity [19]. On
the other hand, it is critical to take great care of systematic effects before any claim
of this kind can be made. In addition to the S8 tension, there is also a prominent
tension between local Universe and high-redshift estimation of the current expansion
rate given by H0: CMB measurements, such as those from Planck [187], yield values
of H0 = 67.27 ± 0.60 km/s · Mpc, and other early-Universe probes, such a data
from WMAP, ACT or SPT, or measurements of BBN and of BAO. These probes
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Figure 1.11: Constraints on the S8 parameter for different cosmological probe com-
binations from different experiments with early and late Universe observations [112].

yield in H0 values below 70 km/s ·Mpc and are typically in strong agreement with
the value inferred by Planck for ΛCDM [212]. On the other hand, local Universe
measurements, such as those provided by the SH0ES collaboration [199], obtain
H0 = 73.2 ± 1.3 km/s ·Mpc, which corresponds to a difference of 4.2σ. Again, this
could be the signature of new physics operating either at early or late Universe
[70, 212], or it could be an indication of systematics not accounted for, although the
presence of this discrepancy among several probes seems to indicate that a single
systematic may not explain it completely.

The next generation cosmological surveys, known as Stage-IV surveys will shed
more light on these tensions. Some of these surveys are LSST [1], Euclid [19], the
Roman Space Telescope [219] and DESI [10], among others.

In this thesis we focus on the galaxy clustering measurement from the first three
years of data of DES, with special emphasis on the characterisation and mitigation
of observational systematics. These results are finally combined with DES cosmic-
shear and galaxy-galaxy lensing data to obtain the latest 3×2pt measurement. We
also show their comparison and compatibility with the latest Planck results within
the ΛCDM model.
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Chapter 2

The large-scale structure of the
Universe: galaxy clustering

In this thesis we present results on galaxy clustering using the data from the Year 3
of the Dark Energy Survey Collaboration. For this reason, in this chapter we make
a brief introduction to the main concepts related with the large-scale structure of
the matter in the Universe within the ΛCDM framework and how they connect with
the main observable treated in this work: the galaxy clustering angular correlation
function.

2.1 Primordial power spectrum, PR(k)

In Section 1.5 we introduced the concept of cosmic inflation and how it helps to solve
some problems that the ΛCDM model alone should face, namely the flatness and
the horizon problems. As aforementioned, one of the key elements of the standard
cosmological model is the inflation, which is described by the scalar field of the
inflaton, φ [239]. The quantum fluctuations on the inflaton field, that were amplified
during the inflationary period, would be the seeds of the inhomogeneities of the
density field which would ultimately create the temperature anisotropies seen in the
CMB and the large-scale structure observed today.

In order to characterise the fluctuations of the inflaton field, it is necessary to take
perturbations of its action, then solve the equations of motion and finally quantise
the perturbation field [168]. The equations of motion are solved for the Mukhanov-
Sasaki variable [239], u, which contains the perturbations of φ. The variable u is
also related to the perturbations of the curvature, R. In turn, R is related to the
Newtonian potential, Φ (see Equation 2.37), which can be connected with the density
contrast of the different components of the Universe, which are the quantities we are
interested in. For this reason, we focus at first on the variable R for simplicity. These
fluctuations of the inflaton field, and then of the related fields, are of random nature
and, by definition, the average of a perturbation variable is zero [20]. Therefore, in
order to characterise the fluctuations of a random field, R, we should evaluate its
variance, 〈R2〉, which measures the amplitude of the fluctuation (note that, since the
mean is zero, the square root of this variance is the root mean square, RMS, which
is related with the standard deviation, σ, as the RMS is just the standard deviation
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about a zero mean variable). Once the field R is quantised, we can calculate its
variance by evaluating its action on the vacuum of the system [155, 98, 148]:

〈0|R2|0〉 =
∑
k

∑
k′

R∗kRk′〈0|ak′a†k|0〉

=
∑
k

∑
k′

R∗kRk′δkk′ =
∑
k

|Rk|2 (2.1)

where Rk are the Fourier coefficients of the field R and a† and a are the creation
and annihilation operators that satisfy

[a, a†] = 1 and a|0〉 = 0 .

Taking now the limit V → ∞, that is, passing from discrete to continuum, the
summation transforms into an integral, obtaining

〈0|R2|0〉 =

∫
V

d3~k

(2π)3
|Rk|2 . (2.2)

The quantity |Rk| only depends on the module of k, so it is possible to integrate the
angular part out, obtaining

〈0|R2|0〉 =

∫ ∞
0

dk

k
PR(k) . (2.3)

where
PR(k) =

k3|Rk|2
2π2

. (2.4)

PR(k) is the power spectrum of the field R and it describes the contribution of each
mode / scale (k = 1/λ, with λ the physical size of the structures that form the
observed inhomogeneities) to the quadratic dispersion, RMS. Solving the equation
of motion of R in Fourier space, i.e. of the Rk modes, and inputting the solution in
Equation 2.4, PR(k) takes the form [71, 98]

PR(k) =
4πG

ε

(
H

2π

)2(
k

aH

)ns−1

= A2
s

(
k

aH

)ns−1

. (2.5)

In this expression, ε is one of the slow-roll parameters introduced in Section 1.5,
As is the scalar amplitude of fluctuations and ns is the spectral index of the power
spectrum. As we mentioned in Section 1.5, during inflation the perturbations of the
inflaton field are stretched out until their length is larger than the Hubble horizon
(which during inflation or quasi-de Sitter phase is H ' constant), that is, λ = 1/H.
Once the perturbation becomes super-Hubble, it remains frozen. PR(k) connects the
perturbations of the inflaton field with the curvature ones. Since these fluctuations
remain the same as long as they are beyond the Hubble horizon, they carry valuable
information about the inflationary period at the very beginning of the Universe. For
this reason, PR(k) is commonly known as the primordial power spectrum of fluctua-
tions. Once the Universe starts its non-exponential expansion, super-Hubble modes
begin to enter the horizon and they start evolving from the point they were frozen
out. These fluctuations are the origin of the temperature and density fluctuations
that we later observe on the CMB and the LSS of the Universe.
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The scalar amplitude has a small dependence on time through H. This parameter
and ε are approximately constant during inflation, so it is usual to take a reference
or pivot scale, k0 (0.05 Mpc−1 from Planck [189]), such that

A2
s =

4πG

ε

(
H

2π

)2
∣∣∣∣∣
aH=k0

, (2.6)

and normalise with it, so the primordial power spectrum takes its usual form

PR(k) = A2
s

(
k

k0

)ns−1

. (2.7)

The spectral index, ns, is related with the slow-roll inflation parameters as [239, 98]

ns − 1 ' 2δ − 4ε = −6ε+ 2η . (2.8)

The conditions of slow-roll require that ε, δ, η � 1, so ns ' 1. This means that
PR(k) depends on the scale very weakly. Therefore, the primordial power spectrum
predicted by inflation is nearly scale-invariant, that is, all modes contribute to the
RMS of the inflaton fluctuations, and therefore of the curvature perturbations, with
approximately the same amplitude. This is also known as a Harrison-Zel’dovich
power spectrum.

2.2 Density fluctuations and matter power spectrum
In the previous section we have introduced the primordial power spectrum of the
fluctuations of the inflaton. As we have said, these fluctuations give rise to the
temperature and density inhomogeneities that we observe on the CMB and the LSS,
respectively. The modes Rk that describe these fluctuations decomposed in Fourier
space are of random nature. Furthermore, we assume that these random variables
are drawn from a Gaussian distribution of mean zero. In this section we describe
two aspects of these random variables: how they evolve over time and what statistics
describe them. This will allow us to make the connection between primordial and
late Universe. We focus on the matter density fluctuations, since these are the ones
we are interested in when studying galaxy clustering.

2.2.1 Evolution of matter density fluctuations

In order to characterise the evolution of the matter density fluctuations in the Uni-
verse, we can describe the matter as an ideal fluid (at least at the very large scales
we are interested in). This treatment can be done for any component of the Universe
and in fact, all components, that is, dark matter, baryonic matter, neutrinos, radi-
ation and dark energy should be taken into account simultaneously in a relativistic
framework. However, at a first stage, the Newtonian approximation can be used for
the matter density perturbations, so the equations that describe the density field,
ρ = ρ(t, ~r), and velocity field, ~v = ~v(t, ~r), of the ideal matter fluid are [155, 168, 239]:

• Continuity equation:
∂ρ

∂t
+ ~∇(ρ~v) = 0 . (2.9)

33



CHAPTER 2. THE LARGE-SCALE STRUCTURE OF THE UNIVERSE:
GALAXY CLUSTERING

• Euler equation:

∂~v

∂t
+ (~v · ~∇)~v = −1

ρ
(~∇P + ~v

∂P

∂t
)− ~∇Φ . (2.10)

• Entropy conservation:
∂s

∂t
+ (~v · ~∇)s = 0 . (2.11)

• Poisson equation:
~∇2Φ = 4πGρ . (2.12)

• Equation of state:
p = p(ρ, s) . (2.13)

Rather than with the density field, it is more common to work with the density
contrast field, defined as

δ(~r) ≡ ρ(~r)

ρ̄
− 1 =

δρ

ρ̄
, (2.14)

where ρ(~r) is the matter density measured at position ~r from our point of view and
ρ̄ is the average density. By its definition, this function is defined between −1 and
∞, since the smallest value that ρ(~r) can take is 0. We are going to assume that
the fluctuations on the density field are small, that is |δ| � 1, so the perturbations
can be taken just to first order, neglecting non-linear perturbative terms. In this
regime, δ(~r) can be assumed to follow a Gaussian distribution. In addition, we are
interested in working on comoving coordinates, ~x, given by

~x = ~r/a(t) . (2.15)

We focus on the adiabatic or isentropic perturbations, i.e. δs = 0, since cosmic
inflation predicts this kind of perturbations and current CMB observations from
Planck favour this prediction. Changing to comoving coordinates on the previous
equations and expanding them to first order perturbations, that is, considering only
linear terms, they transform into [168, 239]

• Continuity equation:
∂δ

∂t
+

1

a
~∇~x · δ~v = 0 . (2.16)

• Euler equation:
∂δ~v

∂t
+Hδ~v +

c2
s

a
~∇δ +

1

a
~∇δΦ = 0 . (2.17)

• Poisson equation:
~∇2δΦ = 4πGa2δρ . (2.18)

In these equations the gradients are with respect to the comoving coordinates ~x
(~∇ ≡ ~∇~x). cs is the speed of sound on the primordial medium and �̇ ≡ ∂�/∂t.
The relation between H and the scale factor given by Equation 1.16 is employed as
well. The terms in δs (adiabatic perturbations) have been neglected. Solving these
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equations for the perturbations in the density field, δ, in Fourier space (that means
~∇ → −i~k) we obtain [168, 239]

δ̈k + 2Hδ̇k +

(
c2
s

a2
k2 − 4πGρ̄

)
δk = 0 , (2.19)

where δk are the Fourier modes that contribute to the density perturbations.

Up until now, we have considered a fluid constituted exclusively by matter. Studying
the evolution of matter density perturbations but taking into account the realistic
case, in which radiation and dark energy are also elements of the fluid that act in the
background modifying the expansion rate, requires to solve the Mészáros equation
[161]:

y2(1 + y−3w)δ′′k +
3

2
y(1 + (1− w)y−3w)δ′k −

3

2
δk = 0 , (2.20)

where y = a/aeq, with aeq the scale factor at the epoch of matter-radiation equality,
and w the equation of state of the dominant species at the moment the equation is
evaluated and that is considered to not suffer perturbations (w = 1/3 for radiation
and w = −1 for dark energy). The derivatives in this expression are with respect
to the variable y. The general solution (considering different dominating species) of
this equation for the matter density fluctuations has the form

δ(t, ~x) = f1(~x)D1(a(t)) + f2(~x)D2(a(t)) , (2.21)

where f1(~x)D1(a) and f2(~x)D2(a) are the growing and the decaying modes, respec-
tively. Focusing on the growing mode (since the other one decays over time), the
function D1(a) is known as the linear growth factor and it has the form [178]

D1(a) =
5 Ωm

2
H2

0 H(a)

∫ a

0

dâ

(âH(â))3
. (2.22)

This expression describes the growth of linear perturbations in the matter den-
sity field within the Hubble horizon and with an arbitrary background (dominating
species). Actually, it is also valid for a non-constant equation of state, w. The usual
normalisation for the linear growth factor is that D(a→ 0)→ a and D(a = 1) = 1.
In order to establish a connection between this function and the effect of dark energy
on the growth history of LSS while remaining as model independent as possible, the
growth index formalism is employed [121, 153, 154]. This formalism introduces a
fitting function for g(a) ≡ D(a)/a that depends on a single free parameter as

g(a) = exp

(∫ a

0

(Ωγ
m − 1)

da

a

)
, (2.23)

where γ is the so-called growth index. This index is very useful, since models with
the same expansion history but with a different underlying graviational theory will
have different values of γ, so it encompasses deviations of the growth data from the
model [153, 154]. Therefore, fitting this function to the growth data can help to rule
out gravity models. In particular, for ΛCDM, i.e. w = −1, it is found that γ = 0.55
to better than 0.05% in the range Ωm ∈ [0.22, 1] [153].

All the previous calculations describe the evolution of linear perturbations of the
matter density field in an expanding Universe. However, in order to describe these
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fluctuations in a more realistic case and to relate these fluctuations with those of
the gravitational potential and the curvature, and therefore with the primordial
power spectrum of Section 2.1, it is necessary to study the evolution of the scalar
perturbations (matter density and CMB temperature) within the general relativity
framework. To do this, the Einstein’s equations taking perturbations of the FLRW
metric must be solved. Solving these equations, the evolution of the fluctuations of
the cold dark matter density field within the Hubble horizon [168, 71, 239] is given
by

δCDM(k, a) = −3

5

k2

ΩmH2
0

Φ0
k T (k)D1(a) . (2.24)

This expression describes the evolution of each perturbing Fourier mode of the CDM
density field. H0 is the Hubble constant at present time, Φ0

k corresponds to the modes
of the primordial scalar perturbation of the FLRW metric, which in the longitudinal
or conformal Newtonian gauge can be interpreted as the Newtonian potential [25].
D1(a) is the linear growth factor given by Equation 2.22, and T (k) is the transfer
function. This function encompasses all interactions and couplings between the
different particle species (dark matter, baryons, photons, neutrinos and dark energy)
of the fluid that affect the evolution of its perturbations. T (k) parameterises the
change in Φk depending on whether the mode k enters the Hubble horizon before
or after the matter-radiation equality, since its form is determined by the physical
processes affecting the perturbation modes that occur between the moment they
reenter the Hubble horizon after inflation and the start of the matter-dominated
era [98]. Under certain assumptions, such as the primordial fluid being ideal, the
transfer function can be approximated as

T (k) ∝
{

1 , if k < keq ,
1
k2 ln k , if k > keq ,

(2.25)

where keq represents the scale entering the horizon at the moment of matter-radiation
equality. However, the interactions and couplings between different species intro-
duce more complexity to the transfer function, making it necessary to find new
parameterisations [39] or numerical solutions [26, 78].

Furthermore, these solutions rely on the assumption of the fluctuations belonging to
the linear regime, that is |δ| � 1. When the perturbations of the density contrast
are |δ| ∼ 1, the linear solutions of the equations are no longer valid. To address this,
it is necessary to solve the Boltzmann equation, which takes into account the many
different interactions and couplings between all species in the primordial Universe.
This is done by means of specific codes, such as Camb [147] (see Section 3.5.4).
The non-linear effects have more impact at the smallest physical scales, i.e. the
highest k values (see Figure 2.2). These non-linear effects are incorporated to the
power spectrum by means of N-body simulations and models to determine the fitting
parameters, such as the Halofit model [218, 225].

The other form of matter we are interested in are the baryons, and the evolution of
the perturbations of their density field within the Hubble horizon while still coupled
with the photons is given by [168, 239]

δb(k, a) = −4

(
T (k)− 5

3
cos (krs)e

−(k/kD)2

)
9

10
Φ0
k , (2.26)
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where rs is the sound horizon in the fluid,

rs(η) =

∫ η

0

csdη̂ , (2.27)

and kD is the Silk damping scale (structures smaller than this scale are dissipated).
The cosine term gives rise to the baryon acoustic oscillations due to the coupling
between baryonic matter and photons during the period of time between inflation
and the decoupling.

2.2.2 Random fields and Gaussian perturbations

Now, we analyse which statistics can be used to describe the fluctuations [155, 75,
168, 29]. As mentioned above, we assume that these fluctuations are random with
a Gaussian distribution. Before focusing on the matter density field, we review the
properties of a generic field of Gaussian fluctuations. Let g(~x) be a Gaussian random
variable that describes the fluctuation of a given field at position ~x. Then, it can be
expanded in a Fourier series as

g(~x) =
∑
~k

g~k e
i~k·~x . (2.28)

Let us assume that the coefficients of the Fourier series, g~k, are also Gaussian random
variables. These modes can be complex numbers, but g(~x) is a real variable. That is,
at each position ~x there is a Gaussian fluctuation of the field, g(~x), made out of the
contribution of Gaussian distributed Fourier modes, g~k. In addition, we assume that
the Gaussian distribution does not depend on the spatial direction of the mode ~k, but
only on its modulus, as a consequence of the isotropy predicted by the cosmological
principle and imparted by inflation. Finally, we also assume that the probability of
each Fourier mode is independent of each other, so the modes are uncorrelated. We
can summarise this with the following properties [155, 75]:

• Gaussian modes with:
〈g~k〉 = 0 ; (2.29)

〈|g~k|2〉 = 2σ2
~k
. (2.30)

σ2
~k
is the variance of the random variable g~k and its mean is zero since the

expected value is the integral of the product of an odd function (g~k) with an
even one (the Gaussian distribution of mean zero).

• Isotropy of the probability distribution:

σ~k = σk . (2.31)

• Uncorrelated perturbation modes (as a consequence of statistical homogene-
ity):

〈g~kg∗~k′〉 = 〈g~k〉〈g∗~k′〉 = 0 , (2.32)

for ~k 6= ~k′, due to Equation 2.29. Therefore,

〈g~kg∗~k′〉 = 〈|g~k|2〉δ~k,~k′ = 2σ2
kδ~k,~k′ . (2.33)
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Going back to real space and calculating the variance of the random fluctuation
g(~x), we can see that the last two properties have a very important consequence:

〈g(~x)2〉 =
∑
~k

∑
~k′

〈g~kg∗~k′〉 e
i(~k−~k′)·~x =

∑
~k

∑
~k′

〈|g~k|2〉 δ~k,~k′ ei(
~k−~k′)·~x =

∑
k

〈|g~k|2〉 . (2.34)

The RMS is given by 〈g(~x)2〉1/2. This quantity gives a measure of the typical am-
plitude of the fluctuations. Interestingly, not only the mean of g(~x) is independent
of the position it is evaluated at (since it is zero everywhere), but also the RMS is
independent. Then, Equation 2.34 implies that the dispersion of this random vari-
able is the same at every point in space. This is a consequence of the homogeneity
of the initial perturbation. To better understand this, it must be taken into account
that 〈�〉 corresponds to the ensemble average, that is, the average over infinite re-
alisations of the Universe evaluated at point ~x, not the average over many points
~x of the same Universe. If we consider the random fluctuations at two different
points, g(~x1) and g(~x2), their specific values could be different, but their dispersion
with respect to the mean over infinite realisations of the Universe will be the same.
This is illustrated in Figure 2.1, where the size of each point corresponds to the
magnitude of a fluctuation drawn from a Gaussian distribution of mean zero and
standard deviation one. Equation 2.34 also shows that this dispersion is made up
of the contribution of different modes, gk.

Now, the continuum limit can be taken, so the Fourier series from Equation 2.34
becomes a Fourier transform [155, 168]:

〈g(~x)2〉 =

(
L

2π

)3 ∫
d3~k 〈|g~k|2〉 =

∫ ∞
0

dk

k
Pg(k) , (2.35)

where we have used the assumption of isotropy to separate the integration of the
angular coordinates and Pg(k) is defined as

Pg(k) ≡ V k3

2π2
〈|g~k|2〉 . (2.36)

This quantity is the power spectrum of the random fluctuations field, g(~x), and its
square root describes the contribution of each scale, k, to the fluctuations measured
at position ~x, so the total fluctuation is the sum of the contributions from each
perturbing mode.

All these results are Physics independent, that is, the only assumptions that have
been made are mathematical. These assumptions are:

• randomness of the variable and its Fourier modes;

• statistical independence of the Fourier modes as a consequence of homogeneity
(independence of the position);

• isotropy (independence of the direction) of the Fourier modes.

Any generic field that meets these properties can be assigned a power spectrum
with the form of Pg(k). Therefore, we can apply these results to the matter density
fluctuations described in the previous sections, that is, g(~x)→ δ(~x).
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Figure 2.1: Illustration of the process of averaging over Universe realisations. Each
point on the x-axis corresponds to a position in the Universe, while the different
values on the y-axis represent the same spatial position evaluated in different Uni-
verses. The size of each point corresponds to the magnitude of a fluctuation drawn
from a Gaussian distribution of mean zero and standard deviation one. We are ac-
tually showing

√
g(~x)2, although g(~x) takes negative values, resulting on 〈g(~x)〉 = 0.

The value of the fluctuation at each position ~x is different, but their dispersion over
Universe realisations is the same.

2.2.3 Matter power spectrum, Pm(k)

Once we have defined the power spectrum of a Gaussian random variable with the
properties described above and we have determined the evolution of the matter
(CDM and baryons) density fluctuations, we can define a power spectrum for these
fluctuations and evaluate its evolution over time, making the connection with the
primordial Universe. In Equations 2.24 and 2.26 we have seen that the evolution
of the matter (CDM and baryons) density contrast fluctuations, depends on the
primordial fluctuations of the Newtonian potential, Φ0

k. The superscript 0 denotes
that these perturbation modes are frozen while they are out of the Hubble horizon,
so they have not evolve since the inflationary period (and therefore, they contain
very valuable information). Once the modes enter the horizon, they start evolving.

It is possible to relate these primordial perturbation modes of the Newtonian poten-
tial at the moment they reenter the Hubble horizon with the curvature perturbation
modes, Rk, when they left the horizon during inflation by means of the following
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expression [98, 25, 100]:

Rk =
5 + 3w

3 + 3w
Φ0
k , (2.37)

where w is the equation of state of the species dominating at the moment these
modes reenter the Hubble horizon. For radiation, w = 1/3, while for matter, w = 0.
Since we assumed that the Rk modes follow a Gaussian distribution with mean
zero and inflation also assumes that the perturbation modes are independent, the
random variables connected with it are of the same nature. Therefore, following the
reasoning from the previous section, we can define the power spectrum of Φ0

k as

PΦ(k) =
k3

2π
〈|Φ0

k|2〉 =
4

9
PR(k) , (2.38)

where the factor 4/9 comes from evaluating Equation 2.37 at the end of inflation,
when the Universe is dominated by radiation, so w = 1/3. From that point to the
moment of the decoupling, passing through the matter-radiation equality, the modes
that reenter the Hubble horizon will have different evolution depending on whether
they do it before or after the equality moment. These changes in the form of Φk over
time and, therefore, of the quantities that depend on it, such as the matter density
fluctuations, are parameterised by T (k), as mentioned before. In this expression,
PR(k) is the primordial power spectrum of curvature fluctuations given by Equation
2.5. As was mentioned, this is a Harrison-Zel’dovich spectrum with ns ∼ 1, so this
term does not significantly contribute to the dependence with k. Following the same
steps and inputting Equation 2.24 in 2.38, we can define the power spectrum of the
CDM fluctuations as [155, 71, 20]

Pδ−CDM(k) =
k3

2π2
〈|δCDM(~k, a)|2〉 =

9

25

k4

Ω2
mH

4
0

PΦ(k)T 2(k)D2
1(a)

=
4

25

k4

Ω2
mH

2
0

PR(k)T 2(k)D2
1(a) , (2.39)

Here, Pδ−CDM(k) is dimensionless, but a definition of matter power spectrum that
is usually employed is the following slight modification of that expression:

PCDM(k) ≡ 2π2

k3
Pδ−CDM(k) . (2.40)

In the linear perturbation regime, the behaviour of PCDM(k) at a given redshift
(that is, at fixed D1(a)) is determined by the form of the transfer function given by
Equation 2.25. Therefore, the CDM power spectrum behaves as

PCDM(k) ∝
{
k , if k < keq ,
1
k3 (ln k)2 , if k > keq .

(2.41)

With all these considerations, the CDM power spectrum is represented by the solid
black line in Figure 2.2. On the other hand, the dashed black line corresponds to
the non-linear calculation of PCDM(k) [27]. The turning point corresponds to keq.
This does not affect the large scales (k � keq), but the effect on the smallest scales
(k � keq) is to notably increase their amplitude. Moreover, it has to be taken into
account that the scales affected by non-linearity are no longer fully described by

40



2.2. Density fluctuations and matter power spectrum

Figure 2.2: CDM power spectrum [27]. The solid black line corresponds to the linear
power spectrum. It can be seen how large scales (smaller k values) grow as k, while
the smallest scales (greater k value) decrease as k−3, as described by Equation 2.41.
The dashed black line represents the non-linear CDM power spectrum, which has
a higher amplitude for the smaller physical scales than the linear one. The turning
point corresponds to keq, the scale reentering the Hubble horizon at the moment of
the matter-radiation equality.

the power spectrum only, since the Gaussianity of the perturbations does not apply
anymore in that case.

The previous expression only accounts for the perturbations on the density field
of CDM. However, we are interested in accounting for all forms of matter, so the
baryons must be considered. Then, the total matter density fluctuations are given
by δm = δCDM + δb. The evolution of the baryon density contrast is given by
Equation 2.26. As it can be seen in that equation, baryon density oscillates due to
its coupling with the photons before the decoupling. This results in acoustic peaks
that are visible on the last scattering surface. The total matter power spectrum,
Pm(k), can be obtained following the same steps as for obtaining PCDM(k). This is
shown in Figure 2.3, where it can be seen that the behaviour of δb in the calculation is
subdominant with respect to δCDM (since the CDM does not interact with radiation,
it starts its gravitational collapse before the baryons do, forming the halos in which
the ordinary matter will fall later). Nevertheless, δb contributes with its oscillatory
behaviour by adding the characteristic wiggles to Pm(k), that correspond to the
BAO feature. With this final consideration, not only the matter power spectrum
is defined, but it is also connected with the primordial fluctuations induced during
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Figure 2.3: Matter power spectrum, Pm(k), of the total matter density fluctuations,
that is, δm = δCDM + δb. Each of the lines corresponds to Pm(k) calculated at
different redshifts. It can be seen how the lower the redshift, i.e. the later in time,
the higher the amplitude of each mode k is. The turning point corresponds to keq

and the wiggles are due to the oscillatory behaviour of δb, corresponding to the BAO
feature in real-space. The power spectra showcased here have been obtained with the
Camb Boltzmann code embedded in CosmoSIS (see Section 3.5.4). It corresponds
to the non-linear power spectrum and it includes the linear galaxy bias, as given by
Equation 2.49. These power spectra have been obtained for the cosmology used to
generate the log-normal mocks described in Section 5.1.1.

inflation by means of its dependence on PR(k). This connection allows to obtain
information about the early Universe by mean of observations of its late ages.

A quantity of special interest in cosmology and that is related with the matter
power spectrum is the normalisation of the power spectrum, that is usually obtained
by calculating the “typical amplitude” (i.e. the standard deviation) of the matter
fluctuations measured within a sphere of radius of 8 Mpch−1 at z = 0. This is the
so-called σ8 parameter [71]. To obtain it, it is necessary to introduce the concept of
smoothing. Cosmological surveys observe δm(~x) (see Section 2.2.4 for details on what
is actually observed), which measures the contrast of average matter density at a
given point of the Universe with respect the average measured everywhere. However,
this means that if the sky is surveyed too finely, this function of the position ~x will be
extremely noisy, because it is very sensitive to changes from observing empty space
to hit on some galaxy or another object. This is solved by smoothing on a given
scale, R. Smoothing is associated with the mathematical operation of convolution,
because given the function δm(~r) (for these calculations, we are working with physical
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distances, ~r, without loss of validity), its smoothed value on the scale R, δm(~r,R),
is obtained as

δm(~r,R) =

∫ ∞
0

WR(|~r − ~r ′|)δm(~r ′)d~r ′ . (2.42)

In this expression, WR(|~r − ~r ′|) is the smoothing function. A common choice for
this function in cosmology is to use a top-hat function, which is 1 for all values
|~r − ~r ′| < R and 0 otherwise. This equivalent to reject all points outside the
sphere centered at the point ~r around which we want to compute the variance of
the fluctuations. Thanks to the convolution theorem, it is easier to work with this
operation in Fourier space, since the Fourier transform of the convolution is the
product of the Fourier transforms, so we have

δ~k(R) = W (k,R)δ~k . (2.43)

Here, we have removed the subscript “m” for the Fourier modes to make the notation
lighter, but everything in this subsection is referred to δm(~r). Using this identity
and going back to Equation 2.35, where we can now make g(~r) = δm(~r) on it, we
can compute the variance of the matter density fluctuations smoothed on a region
of radius R as

〈δm(~r,R)2〉 = σ2(R) =

∫ ∞
0

dk

k

(
L

2π

)3

k3〈|δ~k(R)|2〉

=

∫ ∞
0

d ln k|W (k,R)|2Pm(k) , (2.44)

The bigger the radius of the sphere we smooth within, the smaller the value of σ2 will
be, as the fluctuations are averaged over a more homogeneous piece of the Universe.
The Fourier transform of the smoothing function, W (k,R), in the case of a top-hat
function in real space, has the form

W (k,R) = 3
sin (kR)− kR cos (kR)

k3R3
= 3

j1(kR)

kR
, (2.45)

where j1(x) is the spherical Bessel function of first order. Then, under this standard,
the σ8 parameter is simply defined as

σ8 ≡ σ(R = 8 Mpch−1, z = 0) . (2.46)

The value of 8 Mpch−1 is chosen because it is a typical scale accessible to cosmo-
logical surveys and because that the σ8 would be of the order of unity. σ8 gives
the amplitude of the matter power spectrum measured at that scale and at present
time, and it is used to normalise it. Since this quantity depends on the matter
power spectrum, it is correlated with the amplitude of primordial fluctuations, As.
Furthermore, the constraints on the σ8 parameter are somewhat degenerate with the
matter density parameter, Ωm, in analyses such as the 3×2pt DES analysis [68]. In
order to partially break this degeneracy, it is common to use the structure growth
parameter S8, defined as

S8 ≡ σ8

(
Ωm

0.3

)0.5

. (2.47)

This parameter is better constrained than σ8 by DES and the correlation with Ωm

is reduced remarkably [67].
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2.2.4 Linear galaxy bias

Cosmological surveys register the positions of galaxies of all types, making it possible
to trace the distribution and structure of matter in the Universe. However, what
is observed is just the luminous matter, which does not completely trace the full
distribution of matter, that is, CDM and baryonic matter. This happens because
the CDM and the baryonic matter undergo different physical processes throughout
the history of the Universe. Therefore, the observed galaxies are a biased tracer of
the underlying matter density field. To account for this effect, it is useful to employ
the local linear bias model [94], by which the smoothed overdensity of observed
galaxies, δG, is a deterministic function of the smoothed overdensity of matter, δm.
In the linear regime, this function is simply defined as the ratio between δG to δm,
that is,

δG(~r) = b(z) δm(~r) , (2.48)

which is considered to be independent of the scale. Thus, the linear bias, b(z), can
be seen as an efficiency in tracing the actual matter overdensity. The bias value
also depends on the properties of the galaxies observed, such as morphology, color
or redshift. Luminous red galaxies are a good example of this: galaxies falling into
clusters merge and lose their gas through various processes, resulting in massive el-
liptical galaxies with low star-formation rates and that are redder than other galaxies
due to their older stellar population and to the absorption of the bluer light by the
abundant dust. For this reason, the luminous red galaxies have spectroscopic and
photometric features, such as the 4000 Å break, that make them especially use-
ful to find galaxy clusters and to determine redshifts and the LSS that they form.
However, since they are typically massive and located at the center of the clusters,
they are a biased tracer of the total matter content, which is more spread. The
galaxy bias can also depend on the scale, but in the linear regime it is assumed to
be constant. It is important to note that the linear bias is an approximation that
breaks down on small scales. For this reason, small scales are frequently excluded
from the analyses by applying scale cuts.

Finally, since the power spectrum depends on the square of the density field, the
galaxy power spectrum can be defined as

PG(k) = b2(z)Pm(k) . (2.49)

The amplitude of the galaxy power spectrum (and then the amplitude of the corre-
lation function, as it is explained in the next sections) is determined by the product
b2 σ8, so these two parameters are degenerate.

2.3 Correlation function, ξ(r), and power spectrum
In the previous sections we have determined the power spectrum of the matter
density fluctuations and it has been connected with the primordial Universe. One
of the advantages of working with the power spectrum and, therefore, in Fourier
space, is that it is directly connected with the theory. However, Pm(k) is a quantity
that is not directly accessible from the observations. What it is actually measured
from the data is either PG(k) in Fourier space or the two-point correlation function,
ξ(r), in real space. The physical interpretation of ξ(r) is as follows [44]: given
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the average galaxy density of the Universe, n̄, the probability of finding a galaxy
within a little volume element, dV1, is n̄ dV1. Similarly, n̄ dV2 gives the probability
of finding a galaxy within the little volume element dV2. Let us assume that the
two volumes are separated by a distance r = |~x1 − ~x2|. If there is no correlation
between the galaxy/matter content of both volumes, the joint probability of finding a
galaxy within volume dV1 and another one within volume dV2 is given by n̄2 dV1dV2.
However, due to galaxy clustering and structure formation, for some separations
there can be correlation between the galaxy content. Then, the joint probability is
given by

dP12 = n̄2 [1 + ξ(r)] dV1dV2 . (2.50)

In this expression, ξ(r) is a measure of excess over random probability that two
objects are separated by distance r or, in other words, the correlation between
the matter density contrast evaluated at dV1 and dV2. Due to the homogeneity and
isotropy of the Universe, we assume that ξ(r) depends on the separation only through
the modulus of the distance. Separations connecting regions with no correlation
yield ξ(r) = 0. On the other hand, separations connecting overdense regions, as
galaxy clusters or other large-scale structures, produce a ξ(r) > 0 (excess of signal
or clustering), while underdense regions, such as voids, result in ξ(r) < 0 (defect of
signal or anti-clustering). Given the interpretation of ξ(r) in terms of correlation
between the density contrast at different regions, it can be defined as

ξG(~x1, ~x2) = ξG(r) ≡ 〈δG(~x1)δG(~x2)〉 . (2.51)

Taking the Fourier transform of δ(~x), the previous expression can be written as

ξG(r) =
1

(2π)3

∫
d3~k

∫
d3~k′ 〈δ(~k)δ∗(~k′)〉 ei(~k·~x1−~k′·~x2) . (2.52)

Again, in order to keep notation light, we do not include the subscript “G” to the
Fourier modes, but unless otherwise stated, we are working with δG(~x) only. Now,
using the conversion rules between Fourier series and transform [155],

1

(2π)3/2
δ(~k)→

(
L

2π

)3

δ~k , (2.53)

δ3(~k − ~k′)→
(
L

2π

)3

δ~k~k′ , (2.54)

the expected value can be rewritten as

〈δ(~k)δ∗(~k′)〉 = δ3(~k − ~k′)V 〈|δ~k|2〉 =
2π2

k3
PG(k) δ3(~k − ~k′) . (2.55)

Then, Equation 2.52 can be expressed as [168, 75, 29]

ξG(r) =
1

(2π)3

∫ 2π

0

dϕ

∫ ∞
0

dk

k
PG(k)

∫ +1

−1

d(cos θ) eikr cos θ

=

∫ ∞
0

dk

k

sin (k r)

k r
PG(k) =

∫ ∞
0

dk

k
j0(k r)PG(k) , (2.56)

where j0(x) is the spherical Bessel function of order zero. As it can be seen, the
two-point correlation function is nothing else but the Fourier transform of the power
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spectrum. It only depends on the distance between points, as a consequence of the
isotropy of the Universe. Note that in these expressions we have used the power
spectrum of the observed galaxies, PG(k). Since ξ(r) depends on the square of the
density field as well, as the power spectrum does, it is possible to write an expression
similar to Equation 2.49 for the correlation function:

ξG(r) = b2(z) ξm(r) , (2.57)

where b(z) is the linear galaxy bias and ξm(r) is the matter two-point correlation
function, that is, the correlation function of the actual matter distribution (CDM and
baryons). As it happens with the power spectrum, the amplitude of the measured
two-point correlation function, ξG(r), is determined by the product b2σ8, which
establishes a degeneration between these two parameters.

If Equation 2.56 is evaluated at the same point, so the distance is r = 0, and taking
into account that limx→0 j0(x) = 1, it can be seen how we recover the variance of the
fluctuations at position r, as given by Equation 2.35. For this reason, the variance
at a fixed position is also known as the zero-lag correlation function.

A note on the Gaussianity of the random fluctuations

Many of the steps taken in all previous calculations rely on the assumption that
the primordial fluctuations to the different fields (curvature, Newtonian potential,
density contrast) are Gaussian random variables of zero mean. The validity of
this assumption has very important consequences both on the simplification of the
perturbation models and on the understanding of the physical processes during the
inflationary period. The key of the importance of the Gaussian random variables is
given by Isserli’s theorem [124], also known as Wick’s probability theorem [240] for
its application in quantum field theory. The theorem basically states that the higher
order moments of a Gaussian distribution can be written in terms of the second order
moments. In particular, if (X1, X2, . . . , Xn) is a zero mean multivariate Gaussian
random vector (that is, each Xi is a zero mean Gaussian variable), then the expected
value, E[�], of the product of the n elements can be written as [123, 126, 162]

E[X1X2 · · ·Xn] =
∑
p∈P 2

n

∏
{i,j}∈p

E[Xi ·Xj] . (2.58)

In this expression, P 2
n represents all different ways of partitioning the set of n random

variables into pairs {i, j}, and p corresponds to each of these pairings. The second
order moment E[Xi · Xj] can be written in the more familiar way of cov(Xi, Xj)
(because E[Xi] = 0). Furthermore, if n is an odd number, there is no possible
pairing of the random variables, and the expected value of the product is zero.

These results have remarkable consequences when applying it to fluctuations in
the fields we are interested in, such as the matter density contrast. It has been
shown in Equations 2.51 and 2.56 that the covariance between δ(~x) evaluated a two
different points, i.e. the two-point correlation function, is the Fourier transform of
the galaxy/matter power spectrum. What Isserli’s theorem means is that, as long
as the primordial perturbations are Gaussian, the power spectrum provides a full
statistical description of the fluctuations of the different perturbed fields, because
all higher even order moments of the fields (i.e. N -point correlation functions, with
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N an even number) are given in terms of the two-point correlation function, and
therefore of the power spectrum. The other very important aspect of this theorem
is what happens if higher odd order moments are considered [75]. For example,
following the same steps as for the two-point correlation function, the three-point
correlation function is defined as

ζ(~x1, ~x2, ~x3) ≡ 〈δ(~x1)δ(~x2)δ(~x3)〉 . (2.59)

The Fourier transform of this correlation function is known as the bispectrum [135,
97]. According to Isserli’s theorem, if the δ(~x) variables are zero mean Gaussian
random variables, then this function and any higher odd moment should be zero.
Deviations from this behaviour would be a sign of the presence of primordial non-
Gaussianities (PNG) [51, 28]. The standard inflationary theory predicts very small
non-Gaussian behaviour for the primordial fluctuations [9], so looking for significant
deviations from zero of the three-point correlation function represents an important
test of the inflation model. PNG has been shown to have a signature on the two-
point correlation function similar to the galaxy bias, that increases especially at
large scales. The detection of PNG is, however, a very challenging task, since the
predictions and the current observations [190] set very low signals and then it can
be easily hidden by systematic effects. For example, its signature on the two-point
correlation function can be mimicked by the effect of observational systematics (see
Chapters 6 and 7). In this sense, the scales that must be examined are the largest
ones, since these have reenter the Hubble horizon more recently than the smallest
ones, and while being out of the horizon they remained frozen, so they contain
information from the inflationary period. On the other hand, the smallest scales
have been suffering since long ago the effect of complex gravitational interactions,
so the original non-Gaussian signatures have been erased.

2.4 Projected observables

The power spectra and the correlation function presented above are defined in three
dimensional space. From an observer point of view, each object in space can also
be defined by two angular coordinates, (θ, ϕ), that give its position on the celestial
sphere, and a radial coordinate, r(z), that gives its distance to us along the line of
sight and that is related with the redshift of the object, z. Measuring the redshift
is precisely how the distance to objects at cosmological distances is calculated, for a
given cosmological model. For this reason, uncertainties in the value of z translate
into uncertainties in the value of r, what can blur the identification of cosmological
structures of certain scales (scales smaller than the uncertainty) and thus the value
of ξ(r). This is the case of photometric redshift estimates, which are obtained
from photometry instead of spectroscopy (see Chapter 3 and Section 4.1 for more
details). This introduces an uncertainty in the distance that must be characterised
by the photometric surveys, such as DES, in order to obtain reliable cosmological
information. Therefore, in this type of survey it is commonplace to consider objects
projected in two dimensional shells encompassing a large redshift range [56] and
thus, we have to rewrite the three dimensional statistics so they are defined on the
two dimensional sphere.
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2.4.1 Angular correlation function, w(θ)

Similar to the definition of the (3D) correlation function from Equation 2.50, we
can define the joint probability of finding a galaxy within the solid angle element
dΩ1 and another one within dΩ2, where the two patches of the celestial sphere are
separated by an angular distance θ = |~θ1− ~θ2| (taking into account that ~θ = (ϑ, ϕ))
and considering an average number density n̄, as [44]

dP12 = n̄2 [1 + w(θ)] dΩ1dΩ2 . (2.60)

Here, w(θ) is a measure of excess over random probability that two objects are
separated by angular distance θ on the two dimensional sphere. As in the case of
ξ(r), a value of w(θ) = 0 means that there is no correlation between the matter
density contrast evaluated at dΩ1 and dΩ2, while w(θ) > 0 / w(θ) < 0 corresponds
to overdense / underdense regions separated by θ, which give rise to large-scale
structures. Interpreting w(θ) in terms of correlation between density contrast at
different positions, it can be defined as

w(~θ1, ~θ2) = w(θ) ≡ 〈δ̃G(~θ1)δ̃G(~θ2)〉 . (2.61)

Hereafter, we will be working with δG(~θ) unless otherwise stated. Note that this
correlation function also depends on the square of the density contrast, so the linear
galaxy bias will appear squared as well.

Projected density contrast and galaxy redshift distribution, nig(z)

As it can be seen, we have that Equation 2.61 is an equivalent expression to Equation
2.51. For this reason, w(θ) is named the two-point angular correlation function.
The difference between this definition and that of ξ(r) is that the density contrast
that we actually measure with photometric surveys, δ̃G(~θ), is not the original one,
δG(~x) = δG(~θ, z), which is accessible only to spectroscopic surveys, but its projection
along the line of sight, due to the aforementioned uncertainty in the determination
of the redshift. Let us see how this projection is made. The projection of the density
fluctuations along direction ~θ is given by [56]

δ̃iG(~θ) =

∫
dz φi(z)δG(~θ, z) . (2.62)

The effect of the uncertainty in the redshift is incorporated in the radial selection
function, φi(z) [42, 56]. This function gives the probability of including a galaxy
with true (i.e. spectroscopic) redshift z in a certain redshift bin i defined with the
type of redshift available to the survey, zsurvey. This is illustrated in Figure 2.4. The
radial selection function can be generically written as

φi(z) =
dNg

dz

∫
dzsurvey P (z|zsurvey)W i(zsurvey) , (2.63)

where W i(zsurvey) is a window function that defines the redshift bin i, and that
in general is a top-hat function (1 if z ∈ bin and 0 if z /∈ bin). zsurvey can be
either photometric or spectroscopic. P (z|zsurvey) gives the probability for the true
redshift to be z when the redshift available to the survey is zsurvey [42, 56]. This is
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Figure 2.4: Example of the nig(z) distribution for the third photometric redshift bin
of the redMaGiC sample (see Section 3.4.4). These distributions have been made
using a subsample of galaxies with both photometric and spectroscopic redshifts.
Vertical dashed lines represent the limits of the photometric redshift bin. The blue
histogram corresponds to the galaxies with zphoto contained in that bin (this could be
dubbed nig(zphoto)), while the orange histogram corresponds to the true distribution
of zspec associated with that photometric bin, nig(zspec).

better understood if we consider the extreme case in which we are working with a
spectroscopic survey, so we have access to the true redshift directly (that is, zsurvey =
zspec), and we want to project the density contrast along a redshift bin. In that
case, the probability for the true redshift z to be zspec is 1 and its probability to
be another z′spec is 0. This is the same as saying that for spectroscopic surveys
P (z|zsurvey) = δ(z − zsurvey), i.e. a Dirac delta function. Then, if working with
spectroscopic redshifts, Equation 2.63 gets simplified to

φi(z) =
dNg

dz
W i(z) . (2.64)

In this expression and in Equation 2.63, dNg/dz ≡ ng(z) is the true number of
galaxies per unit redshift. Then, the radial selection function can be rewritten
simply as

φi(z) = ng(z)W i(z) = nig(z) , (2.65)

that is, the radial selection function is nothing but the galaxy true redshift distri-
bution at bin i. We remark that φi(z) should be normalised to unity within the
redshift bin considered.
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The probability distribution of the redshift around its true value is a function of the
form f(z, zsurvey). In particular, if it has the form f(z − zsurvey) (in some cases, it
is assumed to be Gaussian, so P (z|zsurvey) ∼ N (µ = zsurvey, σ)), then the integral
in Equation 2.63 is actually the convolution of the window function that defines
the redshift bin, W i(zsurvey), with the probability of assigning a galaxy to that bin,
which depends on the accuracy of the redshift estimate, zsurvey. Putting together
Equations 2.65 and 2.63, we finally get

nig(z) = ng(z) Ŵ i(z) , (2.66)

with Ŵ i(z) the convolution of the window function. In order to obtain the galaxy
true redshift distribution, what is common to do actually is to define a galaxy
subsample that contains both spectroscopic and photometric redshifts. Then, the
distribution of the difference between zspec and zphoto is determined (normalised to
unity) and it is stacked for each galaxy with zphoto. If the redshift is spectroscopic,
then f(zspec−zphoto) = δ(zspec−zphoto), so each galaxy with zphoto weights as exactly
one galaxy with zspec.

Projection of ξ(r) and angular correlation function, w(θ)

Once the radial selection function has been defined, the two-point angular correlation
function, w(θ), of the density contrast at the points ~r1 = (ϑ1, ϕ1, z1) and ~r2 =
(ϑ2, ϕ2, z2) is given by [56, 57]

w(θ) =

∫ ∞
0

dz1 φ
1(z1)

∫ ∞
0

dz2 φ
2(z2) ξG(r1(z1), r2(z2), θ)

=

∫ ∞
0

dz1 f1(z1)

∫ ∞
0

dz2 f2(z2) ξm(r12(θ), z̄) . (2.67)

The cosmological parameters enter in this expression through the dependence of the
3D correlation function with the power spectrum, as it is shown in previous sections,
and through the distance between objects r12(θ), which takes the form

r2
12(θ) = χ2(z1) + χ2(z2)− 2χ(z1)χ(z2) cos θ , (2.68)

In this expression, χ(z) is the comoving distance to redshift z for a flat Universe
with constant equation of state for Λ [56] (see Equations 1.41, 1.40 and 1.18), that
is,

H(z) = H0

√
Ωm,0(1 + z)3 + ΩΛ(1 + z)3(1+w) , (2.69)

where the contributions from radiation, neutrinos and curvature have been ne-
glected. Nevertheless, this expression can be generalised to other geometries [160].
ξG(r) and ξm(r) are the galaxy and matter 3D correlation functions, respectively
(related by Equation 2.57). fi(z) ≡ bi(z)φi(z)D(z)/D(z̄) [57], where bi(z) is the
local linear bias [94], which photometric redshift surveys such as DES assume to
be constant across each tomographic bin [137], so bi(z) = bi. φi(z) is the radial
selection function defined above. The term D(z)/D(z̄), with D(z) the linear growth
factor, is included to account for the growth evolution relative to the mean redshift
of the bin, z̄ (weighted by φi(z)), at which ξm(r) is evaluated [57, 56] (valid on
linear scales). The function φi(z) (and then fi(z)) takes into account that, due to
the redshift uncertainty, the objects are not actually lying on the S2 sphere, but on
spherical shells of width ∆z, so the function projects the objects on the 2D sphere
at z̄.
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2.4.2 Angular power spectrum

The same way a two dimensional version of the correlation function is defined, it is
possible to obtain a projected or angular power spectrum. To obtain it, it is assumed
at first that the projected density contrast at redshift bin i, δ̃i(~θ), lies on S2. Then,
it can be expanded in spherical harmonics [75]:

δ̃iG(~θ) =
∑
`≥0

∑̀
m=−`

a`m Y`m(ϑ, ϕ) . (2.70)

From now on, we skip the superscript i of δ̃iG(~θ) for simplicity. Similar to the case
of 3D power spectrum (of any of the fields seen before), here the a`m coefficients
correspond to the amplitude of two dimensional fluctuations contributing to the
projected density contrast. Assuming that these modes are also Gaussian random
variables of mean zero and statistically independent, the angular power spectrum,
C`, is defined as

〈a`ma∗`′m′〉 = 〈|a`m|2〉 δ``′δmm′ ≡ C` δ``′δmm′ . (2.71)

Now, it is possible to establish a relation between the angular power spectrum and
correlation function, as it is done for the three dimensional case. Proceeding the
same way,

w(θ) = 〈δ̃G(~θ1)δ̃G(~θ2)〉 =
∑
``′

∑
mm′

〈a`ma∗`′m′〉Y`m(~θ1)Y ∗`′m′(~θ2)

=
∑
`≥0

(
2`+ 1

4π

)
P`(cos θ̂)C` , (2.72)

where θ̂ = ϑ1 − ϑ2 and the following property of the spherical harmonics is applied:

∑̀
m=−`

Y`m(~θ1)Y ∗`′m′(~θ2) =

(
2`+ 1

4π

)
P`(cos θ̂) , (2.73)

with Pl(x) the Legendre polynomial of order l. Note that Equation 2.72 is the two
dimensional equivalent of Equation 2.56. Here, we are assuming that δ̃G(~θ1) and
δ̃G(~θ2) are evaluated at the same redshift bin (that is, i = j), so w(θ) is the angular
auto-correlation function. The expression for the cross-correlation function would
be completely equivalent and would depend on the cross-power spectrum between
redshift bins.

Nevertheless, the expected value in the expression above corresponds, again, to the
ensemble average. This is not accessible to us, resulting in the so-called cosmic
variance problem (see Section 3.5.3). To overcome this, it is necessary to define
estimators of both C` and w(θ). An estimator of the angular power spectrum, Ĉ`,
can be derived starting from the definition of a`m [156],

a`m =

∫
S2

δ̃(~θ)Y ∗`m(~θ) d~θ . (2.74)

Then, taking advantage of the isotropy of the Universe and assuming that the whole
sky is observed, we can obtain |a`m|2 on the sphere. To further ensure isotropy, the
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m index is marginalised over its 2l+1 available modes, since it contains information
about the direction. This defines the estimator of C` [156, 56],

Ĉ` ≡
1

2`+ 1

∑̀
m=−`

|a`m|2 . (2.75)

This is the observed angular power spectrum. Using Equation 2.71, it can be seen
how 〈Ĉ`〉 = C`, so this estimator is unbiased when calculated on the whole sky.

In order to compute an error for w(θ), we need to derive the covariance Ĉ` (since
this is an estimator of the true C`, it makes sense to compute its covariance). The
variance of the estimator is given by [156, 75]

cov(Ĉ`, Ĉ`′) = 〈(Ĉ` − C`)(Ĉ`′ − C`′)〉 = 〈Ĉ` Ĉ`′〉 − 〈Ĉ`〉〈Ĉ`′〉

=
2C2

`

2`+ 1
δ``′ = σ2

Ĉ`
. (2.76)

Therefore, the angular power spectrum measurements are uncorrelated when com-
puted on the whole sphere. This is a consequence of the homogeneity and isotropy.
However, when only a fraction of the sphere is observed, the angular window func-
tion or mask (see Section 3.4.5) of the survey must be taken into account. When
expanding this window function in spherical harmonics, the Wigner 3j symbols ap-
pear, which introduce correlations between the modes and the covariance is no longer
diagonal [156]. The number of available m modes on the sphere, 2` + 1, dictates
the size of the errors of Ĉ`: the dispersion of the estimator is very small for small
angular scales (large `), while the error is higher and unavoidable for large scales
(small `), though the estimator remains unbiased.

Following the same reasoning and using Equations 2.72 and 2.76, we obtain the
covariance of the estimator ŵ(θ) as [156, 56]

cov(ŵ(θ1), ŵ(θ2)) = 〈ŵ(θ1)ŵ(θ2)〉 − 〈ŵ(θ1)〉〈ŵ(θ2)〉

=
2

fsky

∑
`≥0

2`+ 1

(4π)2
P`(cos θi)P`(cos θj)

(
C` +

1

n̄

)2

. (2.77)

This expression, which is the Legendre transform of C`, corresponds to the covari-
ance of the angular auto-correlation function, since the density contrast is evaluated
within the same redshift bin, so C` = Cii

` . The cross-correlation would encompass
cross-power spectra Cij

` . In addition, cov(ŵ(θ1), ŵ(θ2)) includes two more terms: fsky

is the fraction of sky observed, and it contributes to the error as a factor 1/
√
fsky

[45]. The other term is 1/n̄, where n̄ is the number of objects per steradian, and
it corresponds to the shot-noise contribution to the covariance [177, 56]. These two
terms can be included in the covariance of the power spectrum as well. Obtaining
the covariance of both the angular power spectrum and the correlation function re-
lies drastically on the assumption of Gaussianity of the a`m modes and on Isserli’s
theorem.

Finally, we can relate C` with the 3D galaxy power spectrum, PG(k), the same way
w(θ) is connected with ξG(r) in Equation 2.67. The angular matter power spectrum
can be written as [56, 57]

C` =
2

π

∫
dk k2Pm(k, z̄)Ψ2

`(k) , (2.78)
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where
Ψ`(k) =

∫
dz b φ(z)

D(z)

D(z̄)
j`(kr(z)) , (2.79)

and the 3D galaxy and matter power spectra are related through Equation 2.49. As
with ξm(r12(θ), z̄), the matter power spectrum is evaluated at some mean redshift z̄
and the growth is explained by Ψ`(k). Each tomographic bin i is characterised by
its own constant bi and its φ(z) = nig(z) (see Equation 2.65), so there will be a w(θ)
and a C` for each redshift bin.
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Chapter 3

Galaxy surveys and the Dark Energy
Survey

In order to gain access to the cosmological information that can be provided by the
observables described in the previous chapters, we need to observe huge amounts of
galaxies. This is achieved by observing wide areas of the sky up to high redshifts,
which enables surveying large volumes of the Universe. The massive numbers of
galaxies that modern and upcoming surveys can observe together with the develop-
ment of observation and calibration techniques have allowed cosmology enter into
the category of precision science. However, when designing a galaxy survey, it is
necessary to find a balance between some of the requirements to achieve high ac-
curacy. The measurement of galaxy redshifts represents a perfect example of this:
redshift, by its definition (see Equation 1.38), is a measurement that requires spec-
troscopy. Therefore, it is necessary to be sensitive to some kind of spectroscopic
feature, such as emission lines or breaks due to absorption, as the 4000 Å break.
This information can be obtained with spectroscopic surveys, such as the Sloan Dig-
ital Sky Survey (SDSS) [242], the Baryon Oscillation Spectroscopic Survey (BOSS)
[61], the extended BOSS (eBOSS) [62] or the 2dF Galaxy Redshift Survey (2dFGRS)
[54]. However, spectroscopic observations are very time consuming and need to be
performed with specific instrumentation. This makes it complicated to reconcile
obtaining spectroscopic redshifts while covering wide areas. The usage of integral
field units (IFU) and the arrival of surveys such as the Dark Energy Spectroscopic
Instrument (DESI) [10] represent a step forward in obtaining a balance between area
covered and accuracy of the redshifts.

On the other hand, photometry represents a way of covering very wide areas of the
sky, making it possible to obtain information of thousands of objects simultane-
ously. This provides huge statistical power, essential to obtain reliable cosmological
information. Some examples of photometric surveys are the Canada-France-Hawaii
Telescope Lensing Survey (CFHTLenS) [111, 83], the Kilo-Degree Survey (KiDS)
[63] the Hyper Suprime-Cam Subaru Strategic Program (HSC-SSP) [11] and the
Dark Energy Survey (DES) [227]. In the next sections we will focus on DES, since
this work has been done using its first three years of observations (DES-Y3 hereafter)
as part of the galaxy clustering analysis performed by the large-scale structure work-
ing group. The Legacy Survey of Space and Time (LSST) [1], the Euclid satellite
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mission [19] and the Nancy Grace Roman Space Telescope [219] are also photometric
surveys (the last two are both photometric and spectroscopic) that will start oper-
ations in the coming years. Photometric surveys measure the fluxes of the observed
objects by means of images taken with charge-coupled devices (CCDs) through opti-
cal or infrared filters. These are usually broad band filters, that is, filters that allow
the pass of light within a given wavelength range. It is also common to refer to the
photometric filters simply as bands. The amount of light that passes at each wave-
length, λ, through a given filter is determined by its transmission, Tfilter(λ) ∈ [0, 1].
The total flux observed through a filter is then

Ffilter =

∫ ∞
0

Tfilter(λ)F (λ)dλ , (3.1)

where F (λ) is the flux emitted by an object per wavelength unit. Therefore, each
object has a single flux value for each filter that can be associated with a magnitude
corresponding to the wavelength range permitted by the transmission.

Photometric surveys provide information about the shapes of the objects, which is
essential for weak lensing analyses. In turn, the lack of spectral features makes it
impossible to determine the exact (i.e. spectroscopic) redshift. Therefore, it is neces-
sary the measurement of photometric redshifts, which requires the usage of different
codes and methods for their estimation (see Section 4.1). To overcome this disad-
vantage of photometry while still preserving the possibility of covering wide areas,
some surveys use narrow-band filters, which provide low-resolution spectra. Exam-
ples of this are the Physics of the Accelerating Universe Survey (PAUS) [174, 84] and
the Javalambre Physics of the Accelerating Universe Astrophysical Survey (J-PAS)
[33]. In any case, the estimation and calibration of photometric redshifts represents
one of the main sources of systematic uncertainty to the photometric surveys. In
summary, spectra provide accurate 3D positions while photometry gives valuable
information about shapes of galaxies. For this reason, future synergies between
experiments such as DESI, LSST-DESC and Euclid will provide unprecedented cos-
mological constraints from the combination of their data.

In the following sections we focus on the characteristics of DES and we present the
data that has been used throughout this work.

3.1 The Dark Energy Survey Collaboration
DES is a photometric galaxy survey organised as an international collaboration. It is
formed by more than 400 scientists of different disciplines related with astrophysics
from institutions in the United States, Spain, the United Kingdom, Brazil, Germany,
Switzerland and Australia. The scientific effort is divided into 12 working groups.
In particular, this thesis has been carried out within the LSS science working group.

DES aims to provide tight constraints on the nature of dark energy by characterising
its equation of state parameter, w. It also has as a goal to gain insights into the
physics of dark matter and to test alternative models of gravity. All these scientific
goals are achieved by studying both the expansion history of the Universe, its geom-
etry and the growth rate of structures in it. For this task, DES uses the combination
of different cosmological probes within a single experiment. Type Ia supernovae and
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the measurement of the BAO scale are geometrical probes that provide information
about how the Universe expands. On the other hand, galaxy clustering, weak grav-
itational lensing and counts of galaxy clusters help to determine the matter content
and how clumpy its distribution is. The combination of these techniques on the
same data set helps to increase the constraining power on cosmological parameters
and to overcome systematic uncertainties by which the individual probes are af-
fected [227, 53]. The constraining power can be further improved by performing
joint analyses of DES data with CMB weak lensing measurements from Planck and
SPT (5×2pt and 6×2pt probes) [66]. In addition to the main cosmological goals, the
massive amount of data collected by DES serves also to perform other astrophysical
studies [53], such as strong lensing [145, 173], Milky Way dwarf satellite galaxies
[73] and Solar System and trans-neptunian objects (TNOs) [35].

3.2 DECam and the Victor Blanco 4 m Telescope
DES observations were carried out using the Dark Energy Camera, DECam [90].
This 570 megapixel camera is formed by 74 CCDs developed by the Lawrence Berke-
ley National Laboratory (LBNL) [117, 118]: 62 2048 × 4096 science CCDs and 12
2048 × 2048 CCDs used for guiding and focus. The pixels are 15µm × 15µm with
a plate scale of 0.263 arcsec/pixel. These CCDs are arranged on the focal plane
of DECam forming an hexagonal mosaic pattern with a field-of-view of ∼ 3 deg2

(about 14 full Moons can be fitted on each exposure). In Figure 3.1 we show the
CCDs installed in the DECam imager (left panel) and an image from the first light
at which the hexagonal pattern is visible (right panel). They are back-illuminated
and especially designed to be more sensitive to red and near-infrared wavelengths
than other CCDs, with a thickness of 250µm (about 10 times thicker than conven-
tional CCDs) and high quantum efficiency (QE). The relative QE of two CCDs on
the focal plane as a function of the wavelength is shown in Figure 3.2. The read out
of DECam can be performed in about 17 s. The CCDs are placed within a vacuum
vessel and are cooled with a close-loop liquid nitrogen system.

DECam is equipped with five broad band filters, grizY, with which the wide-area
survey observations are made. They cover the wavelength range between 400 and
1080 nm. In Figure 3.3 we show their relative transmission. These filters are very
similar to the same named filters from other surveys, although the z -band filter
has greater sensitivity at longer wavelengths than the analogous filter from SDSS,
overlapping with the DES Y -band filter. The QE in griz -bands are 70%, 90%, 90%
and 75%, respectively. With their 62 cm diameter, these are the largest filters
currently used in astronomy.

DECam has a five-lens optical corrector system, with the biggest lens being about
1 m diameter. In addition, it has a hexapod system that controls focus, lateral
positioning and tip/tilt movements. This hexapod is formed by six pneumatically
driven pistons that make adjustments with respect to the primary mirror between
exposures. Finally, the camera is equipped with a shutter of 60 cm aperture that
blocks the light between exposures. All these elements weigh approximately 4350
kg, without considering the support cage. Taking it into account, the whole camera
system has a length of 3.6 m. A model of the whole camera system is shown in
Figure 3.4.
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Figure 3.1: Left panel : CCDs installed in DECam imager. Right panel : Im-
age from the first light of DECam on September 12, 2012. The hexagonal mo-
saic pattern formed by the CCDs is visible (https://www.darkenergysurvey.org/
the-des-project/instrument/).

Figure 3.2: Quantum efficiency (QE) as a function of wavelength for two CCDs of
the DECam focal plane. These values are relative to the QE peak value at 800 nm
[90].

DECam is mounted at the prime focus of the Victor Blanco 4 m Telescope, named
after the Puerto Rican astronomer Victor Manuel Blanco. Its construction finished
in 1974 and during these decades it has been used in combination with different
cameras and optical systems, making it one of the best telescopes of the Southern
Hemisphere. Its 4 m primary mirror has an aluminium coating and its wide-field
design makes it optimal to meet the requirements of a survey as DES. In order
to make it possible to use its Cassegrain focus as well to other scientific projects, a
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Figure 3.3: Transmission of the DES standard grizY -bands filter system. The
band-pass of each filter corresponds to the total system throughput, which includes
atmospheric transmission at airmass = 1.2 and the average instrumental response
across the science CCDs of DECam [6].

Figure 3.4: Model of DECam showing the major components. The whole system is
mounted at the primary focus of the Victor Blanco 4 m Telescope. (http://www.
ctio.noao.edu/noao/node/2249).
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secondary mirror can be mounted on the front end of the prime focus cage. It has an
equatorial mount, so there is no rotation between dithers or repeated exposures. The
Victor Blanco Telescope is located at the Cerro Tololo Inter-American Observatory
(CTIO), at the top of a mountain in the Chilean Andes at 2200 m height, to the East
of the city of La Serena. In Figure 3.5 we show the telescope and part of the facilities
it is located at. CTIO is far enough from this and other cities so it is isolated from
light pollution, having very clear nights. In addition, the region is extremely dry,
making it a perfect place from which conduct deep-space observations, especially in
the infrared bands available through the atmosphere. The Victor Blanco Telescope
played an essential role in the observations that led to the discovery of the accelerated
expansion of the Universe in 1998 [198].

3.3 Survey strategy
The survey can be divided in two categories: wide-area survey and deep or time-
domain survey. The wide-area survey covers a contiguous area of 5000 deg2 of
the Southern Hemisphere. The complicated shape of the DES footprint, shown in
Figure 3.6, is defined such that it avoids regions close to the Milky Way plane,
so the stellar contamination and dust extinction are minimised. Moreover, the
footprint is chosen so that it overlaps with the observations of the SPT survey [46]
and with the Stripe 82 region from SDSS [2]. This allows to cross-correlate data
for improved cosmological constraints, obtain accurate photometric calibrations and
perform robust photometric redshift estimates (see Section 4.1). Each part of this
footprint is observed ten times in each photometric band (90 s for griz -bands and
45 s for Y -band), allowing to collect information from very faint objects once the
images are coadded [165]. At the same time, the wide-area coverage enables to detect
massive amounts of galaxies, necessary to improve the statistical power. During the
first three years of the survey, most of the wide-area footprint has been covered
by four overlapping images in each band [6]. On the other hand, the time-domain
survey [132], also referred to as supernova-survey, covers ten different regions of
the sky that sum up to 27 deg2 and are observed more frequently at regular six-
nights intervals in griz -bands. This makes it possible to reach greater depths and
to discover thousands of supernovae and follow their light curves. These regions are
represented in yellow in Figure 3.6.

The decision of whether to perform wide-field or deep-field observations are based
on the current environmental conditions and the data quality of the previous nights
[172]. In addition, the ObsTac software [171] installed at the telescope accomplishes
real time optimisation of the survey strategy. Once the exposures are stored, they
are sent within minutes from CTIO to the National Center for Supercomputing
Applications (NCSA) at the University of Illinois in Urbana-Champaign. There, the
DES Data Management (DESDM) [165, 216, 164, 69] system processes the images
and generates a variety of derived products from them. On these products rely the
later cosmological analyses.

Observations have been taken for six years, from 2012 to 2019, for a total of 758
nights. During this time, different cosmology analyses have been done using different
periods of data: the Science Verification (SV), Year 1 (Y1), Year 3 (Y3) and Year
6 (Y6). The SV was a testing phase during which a mini-survey was performed
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Figure 3.5: Top panel : Cerro Tololo Inter-American Observatory (CTIO). The Vic-
tor Blanco 4 m Telescope is the largest telescope on the picture, with a silver dome.
Bottom panel : DECam mounted at the primary focus of the Victor Blanco Tele-
scope, within the cylindrical dark structure (photos: Martín Rodríguez Monroy).
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Figure 3.6: DES footprint (black contour) and area covered by each observation
period: SV in green, Y1 in red and Y3 in blue. Y6 covers the same area as Y3, but
it reaches greater depths. The yellow regions correspond to the areas observed in
the deep-survey. The black dashed line represents the Milky Way plane and it can
be seen how the DES footprint avoids it (https://www.darkenergysurvey.org/
the-des-project/survey-and-operations/).

to a depth comparable to five years survey (after Y3, DES was granted additional
observing time, corresponding to the Y6 period, that permitted to to reach the
original depth goals that were not achieved during Y3). This period was used to
verify whether the DECam system was capable of producing science-quality data
at a rate that would meet the DES science requirements. Y1 comprises data of the
first year of observations. During this time, 1800 deg2 were covered in grizY -bands
in two disjoint areas, one at the celestial equation containing the Stripe 82 and a
larger one to the south Galactic cap that overlaps with the SPT survey region. This
represents 40% of the total DES footprint. On this area ∼ 137 million objects were
detected in the coadded images. The corresponding scientific results were published
in 2017. Y3 uses data from the first three years of observations, with ∼ 399 million
objects detected in the coadded images and covering ∼ 5000 deg2 in grizY -bands.
This corresponds to a factor 3 increase in area in griz -bands with respect to Y1. The
depth is the same as in Y1, except for some regions where additional exposures have
increased it. The scientific results were published in 2021 and this thesis is based on
this data set. Finally, the Y6 corresponds to the collected data during the whole six
years of observations. In this case, the area does not increase, but the depth does
due to the coadding of additional exposures across the full footprint. This analysis
has not been completed yet. In Table 3.1 we summarise the period of time spanned
by the data considered in each of these analyses together with additional parameters
of the derived galaxy catalogues and in Figure 3.6 we depict the evolution of the
observed area during each period.
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Period From to Area [deg2] Depth (i-band) # objects
SV Nov. 2012 Feb. 2013 ∼ 250 23.68 25M
Y1 Aug. 2013 Feb. 2014 1800 23.29 ∼ 137M
Y3 Aug. 2013 Feb. 2016 5000 23.44 ∼ 399M
Y6 Aug. 2013 Jan. 2019 5000 23.80 691M

Table 3.1: Periods of time spanned by the data used in each DES analysis, area
covered, depth reached in i-band (corresponding to S/N = 10 in 2 arcsec diame-
ter apertures [217]) and number of objects contained by the corresponding galaxy
catalogues. Y6 data is still to be analysed scientifically.

3.4 DES-Y3 data: galaxy catalogue and samples
In this thesis we use galaxy samples selected from the DES-Y3 data, that is, from
observations taken during the first three years of wide-area survey. But before
selecting the galaxy samples, it is necessary to perform the image processing and
some quality assessments to the data in order to create a high quality data set. In
the following subsections we describe briefly the processing of the images go through
in order to detect galaxies and the data set and the samples derived from it, that
we use in this work.

3.4.1 Image processing

The raw images are processed by the DESDM pipeline. These single-epoch im-
ages undergo a reduction process that includes [6, 217] overscan removal, crosstalk
correction, non-linearity correction, bias subtraction, gain correction, correction for
the brighter-fatter effect, bad-pixel masking, astrometric matching, flagging of sat-
urated pixels and bleed trails, principal-components background subtraction, sec-
ondary flat-field correction, and the masking of cosmic rays and other imaging ar-
tifacts. These images are then used generate multi-epoch or coadd images, which
are the combination of single-epoch images. This procedure allows fainter objects
to be detected and it also helps to mitigate the remaining spurious effects. The
source detection is performed by means of SExtractor [37] applied to the riz -
band coadded images. Then, once the sources are detected on these multi-epoch
images, SExtractor is used on the coadded, individual band images to obtained
the fluxes and shapes of the galaxies. At the end of this process, a source catalogue
is produced, in which each object has associated the information obtained during
the image reduction. The step of creating multi-epoch images allows to homogenise
them from the point of view number of detected objects and image depth. However,
this process is not able to completely remove the impact of systematic effects, such
as the observing conditions. For this reason, in order to ensure that the galaxy
samples made from the products of this process are complete, so cosmology analy-
ses can be carried out, it is necessary to apply specific systematic decontamination
methods. These methods are covered in Chapter 5.

3.4.2 Y3 GOLD catalogue

The basis of the galaxy samples used for the DES-Y3 analyses is the Y3 GOLD cata-
logue [217]. From this catalogue both lens and source galaxy samples are selected.
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The Y3 GOLD is based on the raw coadded images from the Y3 period that were
released publicly as the DES Data Release 1 (DR1) [6] (similar catalogues were cre-
ated for Y1, Y1 GOLD [74], and SV, SVA1 GOLD1, periods). During the Y3 period
most of the wide-area footprint was covered with four overlapping images in each
photometric band. The Y3 GOLD catalogue is created from this data and it covers
an area of 5000 deg2. The depth of the data, obtained using the median of the
histogram distribution of the single-object fitting (SOF) photometry [217] is 23.8,
23.6, 23.0,22.4 for griz -bands, respectively. The Y3 GOLD catalogue contains infor-
mation about ∼ 400 M objects in the form of photometry, photometric redshifts (see
Section 4.1), quality and survey flags, survey property maps (see Chapter 4) and
object classifiers (for example, for star-galaxy separation). Part of the definition of
the galaxy samples used in this work rely on cuts on some of these variables.

3.4.3 MagLim sample

The MagLim sample [192] is a magnitude limited sample that has been optimised
in order to maximise the constraining power on cosmological parameters from a
combined analysis of galaxy clustering and galaxy-galaxy lensing, or 2×2pt analysis,
while keeping the selection as simple as possible. The fiducial cosmology results from
the DES-Y3 3×2pt analysis [68] have been obtained from this lens sample and it
is also the main sample of the Y3 galaxy clustering analysis [202]. The MagLim
sample is selected by applying the following cuts on the Y3 GOLD catalogue columns
[217]:

• flags_foreground=0 & flags_footprint=1
& bitand(flags_badregions,2)=0 & bitand(flags_gold,126)=0;

• star-galaxy separation with EXTENDED_CLASS_MASH_SOF = 3;

• i < 4 · zphoto + 18;

• i > 17.5.

The cuts applied to flags_foreground and flags_footprint remove badly mea-
sured objects or that had issues in their processing and problematic regions of
the footprint due to astrophysical foregrounds. The cut applied on the column
EXTENDED_CLASS_MASH_SOF removes stars from the sample that could be mistaken
for galaxies. The last two cuts are the core of the MagLim definition: the bright
magnitude cut in i -band removes residual stellar contamination from binary stars
and bright objects and the faint magnitude cut is a linear function of the pho-
tometric redshift estimator and selects bright galaxies. The photometry used to
define this sample is SOF [217]. The photometric redshift, zphoto, for this sample
is estimated using the DNF [64, 191] code (see Section 4.1). The redshift associ-
ated to each galaxy, or point estimate, is obtained from the mean estimate using
80 nearest neighbours in colour-magnitude space by performing a hyper-plane fit.
MagLim is divided into six tomographic redshift bins, whose edges have been op-
timised to improve the photometric redshift calibration [192, 64, 191] and their
values are zphoto = [0.20, 0.40, 0.55, 0.70, 0.85, 0.95, 1.05]. The redshift distribution
of each bin, nig(z), is calculated by stacking the counts of the nearest neighbourhood

1https://des.ncsa.illinois.edu/sva1
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Figure 3.7: Redshift distributions of MagLim sample at each of its six redshift bins.
These distributions are obtained by stacking the counts of the nearest neighbours
from the VIPERS spectroscopic galaxy sample, used for redshift validation. Each
distribution is normalised to unity.

redshifts from the VIMOS Public Extragalactic Redshift Survey (VIPERS) spectro-
scopic sample [213]. These distributions are shown in Figure 3.7, where each nig(z)
is normalised to unity. It can be seen how the redshift distributions of MagLim
are noisier than those of redMaGiC (see Figure 3.8). The last two redshift bins
are not considered for the cosmology constraints, although the studies conducted in
this thesis do include them and therefore we provide results from them.

MagLim sample contains almost 11 million galaxies, presenting higher number den-
sities and reaching higher redshifts than the second sample considered in this work
and by the DES-Y3 analyses, redMaGiC (see next subsection), although it has
lower signal-to-noise and slightly higher photometric redshift uncertainties in turn.
In Table 3.2 we present the main properties of the MagLim sample together with
its blind galaxy bias estimates [192], biblind (obtained following the procedure ex-
plained in Section 3.5.5), and the angular scale cuts [137, 65, 191], θcut, applied to
the angular correlation function calculated with this sample to control the impact
of unmodelled non-linear effects. The bias values are fiducial theory estimates and
we use them to generate log-normal mocks for the decontamination process, as we
explain in Section 5.1.1. The angular scales excluded correspond to the subtended
angle by 8 Mpc/h at each redshift.

3.4.4 redMaGiC sample

The redMaGiC lens galaxy sample is a selection of luminous red galaxies (LRGs)
that is obtained with the redMaGiC algorithm. This algorithm selects the galaxies
by using a threshold luminosity, Lmin, and a constant co-moving density, n̄, as inputs
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Redshift bin Ngal 〈ngal〉 [arcmin−2] biblind θcut [arcmin]

0.20 < z < 0.40 2236462 0.150 1.5 33.88
0.40 < z < 0.55 1599487 0.107 1.8 24.35
0.55 < z < 0.70 1627408 0.109 1.8 17.41
0.70 < z < 0.85 2175171 0.146 1.9 14.49
0.85 < z < 0.95 1583679 0.106 2.3 12.88
0.95 < z < 1.05 1494243 0.100 2.3 12.06

Table 3.2: Main characterisation parameters per redshift bin of the MagLim lens
galaxy sample: redshift bins, number of galaxies, Ngal, galaxy number density, 〈ngal〉,
blind galaxy bias, biblind, and angular scale cuts, θcut. The area over which the density
values are calculated is 4143 deg2 and is obtained from the angular mask applied to
the galaxy samples (see Section 3.4.5).

and by performing a red-sequence template fit, using the empirical magnitude-color
relation of LRGs. Basically, the redMaGiC algorithm works as follows [206]:

• Fit every galaxy from the input catalogue to a red sequence template and
compute the best-fit redshift estimate, zphoto;

• with this zphoto, evaluate the goodness-of-fit χ2 of the fit to the red-sequence
and calculate the galaxy luminosity, L;

• set thresholds Lmin and χ2
max beforehand and include galaxies only if they are

luminous enough, i.e. if L ≥ Lmin, and the fit is good, that is, if χ2 ≤ χ2
max.

Otherwise, exclude that galaxy.

The red-sequence template is obtained by training the redMaPPer galaxy cluster
finder [208, 209]. In practice, χ2

max is not specified, but it is required that the
resulting galaxy sample has a constant n̄ as a function of redshift. The reference
luminosities are defined as a function of L∗, computed using a Bruzual and Charlot
[41] model for a single star-formation burst at z = 3 [209].

In this process, the algorithm obtains a high quality photometric redshift esti-
mate. Therefore, the definition of this galaxy sample and obtaining the photo-
metric redshift estimate are inseparable. The DES-Y1 3×2pt cosmology results
[67, 81] used the redMaGiC selection as fiducial lens galaxy sample. For Y3,
the algorithm has incorporated some improvements for the photometric redshift
estimation and it uses the new SOF photometry [217]. The redMaGiC sam-
ple used for the DES-Y3 analysis is divided into five tomographic redshift bins,
zphoto = [0.15, 0.35, 0.50, 0.65, 0.80, 0.90]. These bins are selected on the redshift
point estimate quantity zredmagic provided by the algorithm. The first three bins
are obtained from a selection with Lmin = 0.5L∗ and n̄ = 10−3 galaxies/(h−1Mpc)3,
where h is the reduced Hubble constant, and they are named the high density sam-
ple, or “highdens”. The selection for the last two bins is Lmin = 1.0L∗ and n̄ = 4·10−4

galaxies/(h−1Mpc)3 and they are named the high luminosity sample, or “highlum”.
The updated algorithm also provides the quantity zredmagic_samp, that corre-
sponds to random nig(z) samples drawn from the redMaGiC redshift probability
distribution function (PDF). The redshift distribution of each bin is obtained by
stacking four of these random samples for each point estimate zredmagic. These
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Figure 3.8: Redshift distributions of redMaGiC sample at each of its five redshift
bins. These distributions are obtained by stacking four random realisations of n(z)
from the redMaGiC redshift PDF for each point estimate zredmagic. The last
two bins are represented with dotted dashed line to highlight that they correspond
to the high luminosity sample, as oppose to the first three bins, that correspond to
the high density sample. Each distribution is normalised to unity.

distributions are shown in Figure 3.8, where each nig(z) is normalised to unity. It
can be seen how these are smoother than those of MagLim (see Figure 3.7). This
is because the photometric redshift uncertainty provided by redMaGiC is much
smaller, although this is at the expense of a lower number density.

The redMaGiC sample also includes the following cuts on quantities from the Y3
GOLD catalogue [217] and from redMaGiC calibration,

1. Remove objects with FLAGS_GOLD in 8|16|32|64;

2. star-galaxy separation with EXTENDED_CLASS_MASH_SOF ≥ 2;

3. Cut on the red-sequence goodness-of-fit χ2 < χ2
max(z).

Similar to MagLim, we summarise the main properties that characterise the red-
MaGiC sample in Table 3.3, together with the scale cuts [137, 65, 175] applied and
the blind galaxy bias estimates (see Section 3.5.5).

3.4.5 Angular mask

The area covered by the Y3 GOLD catalogue footprint is 4946 deg2. Then, we remove
regions where astrophysical foregrounds, such as bright stars or large nearby galaxies,
are present. Regions with known processing problems, named “bad regions”, are
also masked [217]. In order to exclude such regions, an angular mask is defined in
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Redshift bin Ngal 〈ngal〉 [arcmin−2] biblind θcut [arcmin]

0.15 < z < 0.35 330243 0.022 1.7 39.23
0.35 < z < 0.50 571551 0.038 1.7 24.75
0.50 < z < 0.65 872611 0.059 1.7 19.66
0.65 < z < 0.80 442302 0.030 2.0 15.62
0.80 < z < 0.90 377329 0.025 2.0 12.40

Table 3.3: Main characterisation parameters per redshift bin of the redMaGiC
lens galaxy sample: redshift bins, number of galaxies, Ngal, galaxy number density,
〈ngal〉, blind galaxy bias, biblind, and angular scale cuts, θcut. The area over which the
density values are calculated is 4143 deg2 and is obtained from the angular mask
applied to the galaxy samples (see Section 3.4.5).

HEALPix2 [105] format with a resolution of Nside= 4096 (∼ 0.86 arcmin). We also
remove pixels with a fractional coverage (fracdet) smaller than 80%. In addition, we
impose that the depth across the footprint must be homogeneous for both galaxy
samples, so we remove too shallow or incomplete areas. This way, we create a
common angular mask that is applied to our two lens galaxy samples. The summary
of cuts applied to Y3 GOLD and redMaGiC map quantities is the following:

• footprint = 1;

• foregrounds = 0;

• badregions ≤ 1;

• fracdet > 0.8;

• depth i-band ≥ 22.2;

• zMAX,highdens ≥ 0.65;

• zMAX,highlum ≥ 0.95.

The depth in i-band is obtained from the SOF photometry [217]. The ZMAX
quantity provided by the redMaGiC algorithm describes the highest redshift at
which a typical red galaxy of the luminosity threshold that is being used (e.g. 0.5L∗)
can be detected at 10σ in the z-band, at 5σ in the ri-bands and at 3σ in the g-band
[209, 81]. The conditions on ZMAX are inherited from the redMaGiC redshift
span. The final analysed area is 4143 deg2. This is the value of the area used
to determine the galaxy number densities shown in Tables 3.2 and 3.3. Having a
common mask for the two samples facilitates the comparison of potential issues on
sky regions, both at the galaxy sample level and when determining the impact of
observing conditions on the data (see Chapter 4). In Figure 3.9 we show the final
angular mask that is applied to the data. The colour bar indicates the fracdet of the
observed pixels. All later cosmological results are obtained from the measurements
contained within this mask.

2HEALPix is a software commonly used in astrophysics and cosmology that produces a pix-
elisation of a spherical surface in which all pixels cover the same area. The Nside parameter
determines the resolution of this subdivision of the sphere. https://healpix.sourceforge.io
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Figure 3.9: Final angular mask applied to MagLim and redMaGiC. The colour
bar describes the fractional coverage, fracdet, of each pixel.

3.5 DES-Y3 modelling: large-scale structure
In this section we present the modelling adopted by the DES-Y3 analyses, which we
also subscribe in this work. This modelling is employed for the analysis of these data,
both from the point of view of the mathematical and theoretical framework used to
characterised the galaxy clustering as well as of the codes and tools employed for its
calculation and the subsequent cosmological inference. In the following subsections
we present the formalism and tools used and we also describe briefly some important
aspects of the analysis.

3.5.1 Modelling: mathematical convention and notation

In the literature it is possible to find slightly different definitions or notations for the
power spectrum and the two-point correlation function described in Chapter 2, being
the differences mostly associated with the choice of normalisation, the usage or not
of dimensionless observables and the analysis choices. Here we simply present the
convention and notation adopted for the galaxy clustering analysis of the DES-Y3
data [202], as part of those used by the 3×2pt analysis [68, 137].
The observed projected galaxy density contrast at redshift bin i at position n̂,
δig, obs(n̂), is divided into three contributions:

δig, obs(n̂) = δig,D(n̂) + δig,RSD(n̂) + δig, µ(n̂) . (3.2)

Here, δig,RSD(n̂) and δig, µ(n̂) are the contributions to the projected galaxy density
from redshift-space distortions (RSD) and from weak lensing magnification effect
[137] (or simply magnification), respectively. The first term, on which we focus
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in this work, is the line-of-sight projection of the three dimensional galaxy density
contrast, δ3D

g (n̂), and is defined, in a similar manner as described in Section 2.4, as

δig,D(n̂) =

∫
dχW i

δ(χ) δ(3D)
g (n̂χ, χ) , (3.3)

with
W i
δ(χ) = nig(z)

dz

dχ
, (3.4)

the normalised selection function of galaxies in photometric redshift bin i, nig(z) the
redshift distribution of galaxies at that bin and χ the comoving distance (compare
with the radial selection function from Equation 2.66). The galaxy density contrast
is assumed to be related with the underlying matter density contrast, δm, by means
of a local linear bias, bi [94] (as in Equation 2.48), which is assumed to be constant
across each tomographic bin [137].

The full expression for the observed projected galaxy density contrast, δig, obs(n̂), is
used to calculate the galaxy clustering angular power spectrum, which has six terms
[88]: three auto-power spectra and three cross-power spectra. For simplicity, and
since in this work we do not treat explicitly RSD nor magnification effects, we focus
on the density-density contribution to the total galaxy clustering angular power
spectrum, which has the following form [137, 8]:

Cij
δg,Dδg,D

(`) =
2

π

∫
dχ1W

i
δ(χ1)

∫
dχ2W

j
δ (χ2)

∫
dk

k
k3Pgg(k, χ1, χ2)j`(kχ1)j`(kχ2) .

(3.5)
Here, Pgg(k, χ1, χ2) corresponds to the 3D galaxy power spectrum and W i

δ(χ) are
the selection functions given by Equation 3.4 (compare with Equation 2.78). The
Limber approximation [149, 150], which has been usually employed in the past to
simplify calculations, was found to be insufficient to meet the accuracy requirements
of the DES-Y3 3×2pt analysis [88, 137], so a non-Limber algorithm [88, 87] is used to
evaluate the different terms (galaxy density, RSD and magnification) of the galaxy
clustering angular power spectrum.

The angular two-point auto-correlation function for the tomographic redshift bin i
has the same form as introduced in Equation 2.72,

wi(θ) =
∑
`

(
2`+ 1

4π

)
P`(cos θ)Cii

δg,obsδg,obs
(`) . (3.6)

3.5.2 w(θ) estimator

In Section 2.4 and in the previous subsection we have introduced the angular cor-
relation function and its mathematical form. However, in practice this function is
calculated by computing the ratio of pair counts of galaxies separated by angular
distance θ on the images from the CCDs to the expected number of pair counts sep-
arated by the same distance on a uniform random set of points distributed within a
region of the sky with the same geometry as the data. This way of measuring w(θ)
is affected by the size and shape of the observed area. The angular mask introduces
boundary effects that must be taken into account. Therefore, it is necessary to
define estimators of the angular correlation function, ŵ(θ), with minimal bias and
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variance. A common estimator of w(θ) used is the Landy-Szalay estimator [138],
which has the form

ŵ(θ) =
DD(θ)− 2DR(θ) +RR(θ)

RR(θ)
, (3.7)

where DD, RR are the number of pairs of objects separated by an angular distance
θ from the galaxy catalogue and from the random catalogue, respectively. DR
corresponds to galaxy-random pairs separated by the angle θ. This estimator is
unbiased and it minimises the variance to the Poisson level. The Landy-Szalay
estimator is the one used to compute the DES-Y3 galaxy clustering correlation
function [202]. The code employed to compute this estimator is TreeCorr3 [127].

A different version of the Landy-Szalay estimator is its pixel version, which has the
form

ŵ(θ) =

Npix∑
i=1

Npix∑
j=1

(Ni − N̄) (Nj − N̄)

N̄2
Θi, j , (3.8)

where Ni is the galaxy number density in pixel i, N̄ is the mean galaxy number
density over all pixels within the footprint and Θi, j is a top-hat function equal to
1 when pixels i and j are separated by an angle θ within the bin size ∆θ. This
pixel estimator is very useful when working with pixel maps, as we do mainly in
this thesis. The pixel maps we work with are the survey property maps and the
log-normal mocks introduced in Chapter 4 and in Section 5.1.1, respectively (see
also Appendix A). As it is explained later in Chapter 7, we also work with pixelated
versions of the lens galaxy samples. We also use TreeCorr to compute the w(θ)
pixel estimator.

3.5.3 Covariance matrix

As it has been already mentioned, obtaining the two-point correlation function and
the power spectrum entails the calculation of ensemble averages, 〈�〉, as it is illus-
trated in Figure 2.1. That is, given a position in the Universe, the average of any
property at that point (δG, for example) should be calculated by evaluating its value
at the exact same position in different realisations of the Universe drawn from the
same underlying laws of physics. Obviously, computing this kind of average is not
possible, resulting on the aforementioned cosmic variance problem and making it
necessary to find alternatives for obtaining error estimations.

Focusing on the angular two-point correlation function, a first solution use analytical
expressions [71, 45], as those introduced in Section 2.4.2, to model the errors. These
errors rely on some assumptions, such as the Gaussianity of the perturbations that
give rise to the clustering signal, their statistical independence or that they scale as
the square root of the observed area [57].

Another typical solution for this problem is to use subsampling techniques of the
data, such as jackknife or bootstrap, being the former more frequently employed.
Using jackknife, the observed sample is divided in subsamples on which the cor-
relation function is calculated, providing the means to obtain a covariance for the

3https://rmjarvis.github.io/TreeCorr
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different angular bins. Jackknife technique presents the advantage of providing error
estimates from the data directly, so they can trace effects such as non-linearities,
mask effects or systematic contamination [57]. This is important for the diagonal
terms of the covariance matrix, i.e. the variance of w(θ) at an angular bin. On the
other hand, the off-diagonal terms yielded by jackknife tend to be noisy, since this
determined by the limitation in the number of independent jackknife realisations
that can be taken from the sample. This issue does not affect the theory estimates,
that provide cleaner off-diagonal errors. In any case, the jackknife technique has
been widely adopted [203, 236] and it has even been combined with the theory
estimates to obtain a hybrid covariance matrix [57].

One more option to overcome the cosmic variance problem is the generation of
simulations, which allows to compute an actual ensemble average by calculating
w(θ) both on the data and on the simulations at the exact same angular separations.
Since the angular mask of the survey (see Section 3.4.5) can be applied to these
simulations, the covariance derived from them incorporates masking effects. In this
work we have used log-normal mock realisations (see Section 5.1.1) to evaluate the
significance of the contamination from observational systematics (Section 5.1) and
to estimate biases in w(θ) (Chapter 6), together with a full theoretical calculation
for the covariance matrix of the correlation functions.

The DES-Y3 analyses, including the galaxy clustering studies presented in this the-
sis, make use of the analytical covariance matrix provided by the CosmoLike [136]
code. This covariance includes Gaussian and non-Gaussian terms and it also takes
into account effects derived from the survey geometry [231]. It is built by consid-
ering all correlations between probes, such as galaxy clustering, cosmic-shear and
galaxy-galaxy lensing and it has been thoroughly validated [92, 137]. This covariance
matrix is modified to analytically marginalise over biases on w(θ) due to observa-
tional systematics [202], as we describe in Section 6.5.

3.5.4 Cosmological parameter inference

Throughout this chapter and in Chapter 1 we have seen that the correlation func-
tion and the power spectrum depend on the cosmological parameters in different
ways. Therefore, it is possible to infer cosmological information by fitting the mea-
surements to different models. Here we describe the process followed by DES for
its different analyses, including the galaxy clustering one, on which we focus in this
thesis.

First of all, the measurements from galaxy clustering, galaxy-galaxy lensing and
cosmic-shear are organised in a data vector [68] as D̂ ≡ {ŵi(θ), γ̂ijt (θ), ξ̂ij±(θ)}, in
the case of the 3×2pt analysis, and as D̂ ≡ {ŵi(θ)} in the case of galaxy clustering
only. Here, �̂ denotes that these are the measured correlation functions. This data
vector incorporates the covariance matrix introduced above.

Then, it is necessary to generate a theory prediction of the correlation function/s
with which compare the measurements. This theory prediction is generated for
a given cosmological model, M , such as ΛCDM or wCDM, and it has the form
TM(p) ≡ {wi(θ,p), γijt (θ,p), ξij±(θ,p)} for 3×2pt and simply TM(p) ≡ {wi(θ,p)}
for a galaxy clustering only analysis. These measurements are divided into 20 loga-
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rithmic angular bins between 2.5 and 250 arcmin [68], although some of the smallest
angular scales are discarded for the final fits, in order to avoid the effect of unmod-
elled non-linearities [137, 65, 191]. As mentioned above, each observable depends
on the cosmological parameters in different ways. This is also determined by the
cosmological model, M , that is being tested. The vector p contains the values of
a particular combination of these parameters from the N -dimensional parameter
space. This parameter vector, together with the mathematical framework defined
for the DES-Y3 analysis [137, 88], is used to generate a theory prediction, TM(p).
For the 3×2pt analysis, six cosmological parameters are considered for ΛCDM (w
is fixed to its value for a cosmological constant, −1) and seven for wCDM (w is left
free). In both cases, 25 additional nuisance parameters are considered, in order to
account for astrophysical and systematic contributions to the measured signal [68].
Two of the main sources of systematic impact in galaxy clustering are the photomet-
ric redshift biases and the effect of observational systematics, being the treatment
of the latter the main topic of this thesis. In Section 6.6 we show how we model
and marginalise over the photometric redshift uncertainties. The marginalisation
of the effect from observational systematics is presented in Section 6.5. The details
on which cosmological and nuisance parameters are left free or fixed for the galaxy
clustering analysis conducted in this thesis are given in Section 7.3 (see Table 7.1).

Once the measured data vector, the theory prediction and the covariance matrix,
C, are prepared, it is possible to proceed with the parameter inference. This is done
by sampling the likelihood [68, 137], which is assumed to be Gaussian, so it has the
form

lnL(D̂|p,M) = −1

2

(
D̂−TM(p)

)>
C−1

(
D̂−TM(p)

)
. (3.9)

The likelihood gives the probability of obtaining the data that we measure given the
particular value of p under the model M . Then, the posterior probability for the
parameters p given the observed data, D̂ is calculated as

P (p|D̂,M) ∝ L(D̂|p,M)P (p|M) . (3.10)

In this expression, the proportionality constant corresponds to the inverse of the
Bayesian Evidence and P (p|M) is the prior probability distribution on the param-
eters [137, 68]. The priors employed in this work are given in Section 6.6 (see Table
6.3).

The process described until here corresponds to a particular value of the parameter
vector p. In order to determine the maximum likelihood and, therefore, the max-
imum posterior parameters, the N -dimensional parameter space must be sampled.
The whole process consists then of

1. drawing values for the N parameters and store them in p,

2. solve the Boltzmann equation for these parameters and obtain the power spec-
trum,

3. obtain the theory prediction, TM(p), using the established modelling [137, 88],

4. compute the posterior value of each parameter in p given the observed data,
D̂, and their priors P (p|M), and

73



CHAPTER 3. GALAXY SURVEYS AND THE DARK ENERGY SURVEY

5. a new point is drawn from the N -dimensional space and the process is repeated
until it converges.

This whole process is referred to as chain, because the Markov Chain Monte Carlo
technique is used to sample the likelihood. The parameter inference results presented
in this work, as part of the DES-Y3 galaxy clustering analysis [202], and similar
to the DES-Y3 3×2pt analysis [68], are obtained making use of the CosmoSIS
framework4 [244]. Given the N -dimensional parameter space, it is sampled using
the PolyChord sampler [108, 109]. The Boltzmann code embedded in CosmoSIS is
Camb [147], which computes the evolution of linear density fluctuations. These are
then converted to a non-linear matter power spectrum using the recalibrated [225]
Halofit fitting formula [218].

3.5.5 Blind analysis

At the current level of precision achieved by cosmological surveys, such as DES, there
is risk that the conclusions obtained may be biased or altered by modifications to
the analysis if the results do not meet the expectations of the experimenter. This
effect is the observer bias. This is even more important now that the results from
cosmological surveys are scrutinised in depth to look for tensions with previous
results from other experiments or with the predictions of ΛCDM. In order to hide
the final results on cosmological parameters or the model from the experimenter
until all decisions and analysis choices have been taken, DES applies a strict blinding
procedure. The blinding consists of systematically shifting the results randomly at
different stages of the analysis [167]. Together with the blinding, an unblinding
process organised as a decision tree is defined [68] in order to remove the shifts
applied and to unveil the final results.

In addition to the main blinding procedure applied to the DES-Y3 analyses, some
specific guidelines for the galaxy clustering analysis have been followed as well. Until
samples and analysis details are finalised, clustering statistics are only allowed to be
calculated following these rules:

• w(θ) measurements for any sample are allowed to be produced for a 10%
subsample of the area in the range 0.5 < θ < 0.8 deg, using two angular
bins. Any code employed to calculate the angular correlation function must
be modified so it only reports results from data that meet these conditions.

• We do not overplot theory and data together, until the analyses are frozen.

• No maximum likelihood values of any fits to LSS-only data vectors, i.e. D̂ =
{ŵi(θ)} in our case, will be reported until the analyses are finalized.

In addition, for some DES-Y3 analyses and, in particular, for the galaxy clustering
analysis [202] presented in this thesis it is necessary to obtain galaxy bias estimates.
To obtain those estimations, the blinding rules are as follows:

• Galaxy bias values (referred to as blind galaxy bias estimates) can be derived
from the data meeting the conditions of the first point from the list above
using the Halofit [218, 225] prediction of w(θ) at fixed cosmology (fixed to

4https://bitbucket.org/joezuntz/cosmosis
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Planck [187]). These bias measurements are only meant to inform either the
production of mocks or the forecast to optimised science analysis. They should
not be used for testing systematics, such as the impact of systematic weights
(see Section 7.1) on the outcome of this bias measurement, since that way we
could influence our estimations of systematic contamination.

• When calculating bias estimates, the fitting is done without overplotting data
and mock statistics.

• The fit is made using a a covariance with an input angular power spectrum
evaluated at Planck cosmology [187]. The fit is first run using a covariance
with b = 1 and then again using the best-fit bias.

• The specific ng(z) of each galaxy sample can be used.

Following these rules, the blind galaxy bias estimates of each galaxy sample (see
Chapter 3) are obtained. These values, shown in Tables 3.2 and 3.3, are used for
the generation of log-normal mocks, which are necessary for the determination of
the significance of the contamination and for validation purposes, as is explained in
Section 5.1.1 and in Chapter 6. During the analysis conducted in this thesis, we
have subscribed to this blinding procedure, so the w(θ) from the data has not been
plotted until the whole analysis was frozen.
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Chapter 4

Systematic effects on galaxy
clustering

In the context of galaxy surveys and cosmological analyses that rely on the measure-
ment of galaxy number densities, such as LSS analyses, systematic uncertainties can
be defined as non-cosmological fluctuations in the number density and properties of
galaxies. Depending on the their nature or on the point of the analysis at which
they come into play, they can be grouped into three categories, although some of
them do not belong to a single one:

• unavoidable sources of uncertainty, present even with perfect instruments and
data analysis pipelines. They correspond to astrophysical sources and derive
from the fact that our observations are carried out from inside our own galaxy.
Therefore, our measurements are affected by the spatial distribution of the
components of the Milky Way, such as the dust and the stars. Dust extinction
alters the photometry of the observed objects and, in addition, we are unable
to perfectly separate stars, galaxies and quasars when using low-resolution
spectra or wide photometric bands, as it is done in DES. These problems
exist before the survey even started and their origin is completely natural and
independent of the moment and place of observation, as opposed to the next
class of systematics;

• systematic uncertainties related with the instrumentation, its calibration and
with the observing conditions. These systematics materialise themselves when
one starts acquiring data. The observing conditions and the calibration of the
instruments unavoidably fluctuate with time and position in the sky, which
impacts the quality of the images and the data before they undergo any kind
of processing. Some examples are seeing, airmass and sky brightness;

• systematic uncertainties associated with the processing of the data, which can
potentially introduce further distorions. They correspond to, for instance,
source extraction, PSF-homogeneisation, coadding process.

The next sections will cover two of the main causes of systematic uncertainty on
the clustering analyses performed by DES: the usage of photometric redshifts and
the impact of observing conditions and astrophysical sources on the detection of
galaxies.
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4.1 Photometric redshifts

Photometric galaxy surveys are an extraordinary tool for the inference of cosmologi-
cal parameters. This kind of surveys, such as DES [227], HSC-SSP [11] or KiDS [63]
are able to cover wide sky areas by means of this technique, which enables to obtain
measurements of more than 100 million galaxies in the case of DES. This reduces
the statistical error to minimum values. On the other hand, one of the difficulties
of this kind of surveys is the estimation of photometric redshifts. This represents
one of the main sources of systematic uncertainty not only for galaxy clustering,
but also for cosmic-shear and galaxy-galaxy lensing measurements, since the correct
estimation of photometric redshifts affects both lens and source galaxy samples.

The best possible determination of the redshift of galaxies, and then of their distance,
is provided by spectroscopic surveys, such as BOSS [61], eBOSS [62] or the recently
started DESI [10]. An intermediate solution to the problem of finding a balanced
between covered area and reliable radial information is that adopted by surveys that
make use of low resolution spectra provided by very narrow band filter systems, such
as PAUS [174, 84] and J-PAS [33]. However, in surveys such as DES the information
provided by spectra is limited to estimates of the magnitudes in photometric bands.
In particular, DES uses information from grizY -bands. Most of the methods of
photometric redshift estimation rely on extracting information from the magnitude
and colour measurements, which is validated against a spectroscopic galaxy sample
with which the photometric data overlaps. Even if the estimation of photometric
redshifts has improved over years, this extrapolation from colours/magnitudes is still
a great challenge, so the uncertainties in these estimates are still orders of magnitude
above the typical errors from spectroscopic measurements (the best photometric
redshift estimates in DES are estimated to have σz ≈ 0.02).

In this section we present briefly the three photometric redshift estimation codes
that were run on the Y3 GOLD objects based on the MOF and SOF photometries
[217].

• Bayesian Photometric Redshifts (BPZ): BPZ [32, 119] is a template-fitting
code that uses a collection of Spectral Energy Distributions (SEDs) to fit
the measured fluxes of the objects. It is able to provide estimates up to
high redshifts by modelling the evolution of the galaxy spectra. This has the
advantage of avoiding the need to use measurements of spectroscopic sources
for training sets. However, it can present biases from incorrect calibrations or
from the incompleteness of the SED templates.

• Directional Neighbourhood Fitting (DNF): DNF [64] creates an estimation of
the photometric redshifts by performing a nearest-neighbour fit of the hyper-
plane in the color + magnitude space. As training set, it uses a large spectro-
scopic data base. Assuming that the training sample is representative, DNF
can also provide a second redshift estimation given by the nearest-neighbour
in the training sample, which replicates the photometric redshift distribution,
nig(z), of the galaxy sample under study. The main limitation of this method
is the lack of representativeness of the training set.

• Artificial Neural Network photo-z’s (ANNz2): ANNz2 [210, 55] is a code that
provides a training-based estimate of photometric redshifts. It includes ma-
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chine learning method beyond artificial neural networks, such as Boosted Deci-
sion Trees (BDTs) and k-Nearest Neighbours (kNN) algorithms. This method
has been trained using the same spectroscopic sample as for DNF. The main
source of biases for ANNz2 is the incompleteness of the training set as well.

Usual metrics to characterise the performance of photometric redshift codes are the
bias and σ68/(1 + zspec). The bias is defined as the average difference between the
photometric redshift estimate and the spectroscopic redshift, zphoto − zspec, for a set
of galaxies with both quantities available. σ68 is a measurement of the dispersion of
the photometric redshift defined as the width of the zphoto − zspec distribution that
contains 68% of the values. In Figure 4.1 we present these metrics for each of the
codes described above against the same set of spectroscopic data [106]. The redshift
bins in this figure are obtained from the photometric estimates.

In addition to these photometric redshift codes, there are methods that are employed
to meet the specific analysis purposes of the galaxy samples (lenses and sources) they
are applied to. One of these alternative methods is clustering redshifts. This method
does not rely on the photometry of the galaxy sample under study, but it takes
advantage of a familiar physical principle: since galaxies tend to cluster, objects
close to each other in angular scales are more likely to be close radially as well,
and therefore in redshift. The photometric redshift is obtained by cross-correlating
the galaxy sample we are working with with a sample with known spectroscopic
redshifts. The cross-correlation signal will be stronger as function of the redshift
overlap between both samples. This method does not provide significant information
about individual galaxies, but about the probabilistic distribution of large sets of
galaxies. The clustering redshifts methodology was used to estimate and calibrate
the redshifts of DES-Y1 lens [49] and source [60, 101] samples and it has also been
employed for both types of samples in the Y3 [50, 102].

More recently a new methodology, SOMPZ [104, 169], has been used to estimate
and calibrate photometric redshifts for the DES samples. Photometric surveys use
to have only a few bands, so distinguishing between the SEDs of different galaxies
can be a difficult task. Galaxy type-redshift degeneracy is one of the main causes of
uncertainty in redshift calibrations. DES deep fields [110] provide information from
extra photometric bands, helping to break this kind of degeneracy. However, this
information is available only for a subset of galaxies. The idea then is to map the
high precision redshift information from the deep fields to the objects on the wide
survey. This task is accomplished using Self-Organising Maps (SOMs) [134]. These
are a neural network method that produces a discretised and lower dimensional
representation of an input space. SOMs can classify galaxies by their fluxes very
accurately using the extra bands from the deep fields. Galaxies are grouped in a
wide and a deep SOM, validating the redshifts on the latter through a high precision
redshift sample. Then the information from the deep SOM is transferred back into
the wide SOM using the transfer function provided by Balrog [85], which is a code
that injects many times deep fields galaxies in real DES wide field images.

These methods provide point estimates of the redshift, that is, estimates of the
redshift of each galaxy. However, when performing cosmological analyses and, in
particular, galaxy clustering analyses, the relevant quantity is not the redshift of
individual galaxies, but their redshift distribution, nig(z), as introduced in Section
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Figure 4.1: Bias (top panel) and σ68/(1 + zspec) (bottom panel) metrics for the
BPZ, DNF and ANNz2 photometric redshift codes. It can be seen how for values
z ∼ [0.4− 0.8] the performance of the three codes is equally unbiased.
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2.4. The width, shape and mean of these distributions can alter the clustering
signal. For example, a wider nig(z) distribution lowers the clustering amplitude
(since more redshifts are projected along the line of sight, this dilutes the clustering
signal). Some of the methods presented above are used to calibrate the mean of
the redshift distributions, such as the clustering redshifts method. In this sense,
the MagLim sample [192] uses photometric redshifts provided by the DNF code.
The corresponding redshift distributions have been calibrated using the clustering-
redshift and SOMPZ methods [104]. On the other hand, the redMaGiC sample
uses its own redshift estimate, since this galaxy selection is carried out by a red-
sequence template fitting [206], making the selection of the LRGs that form this
sample and the estimation of their redshifts a single task. The corresponding redshift
distributions have been calibrated with clustering redshifts [50]. Finally, to account
for the uncertainty introduced by nig(z) in the clustering measurements, the bias
on the mean of the distribution and its width are considered nuisance parameters
over that are marginalised over when inferring cosmological parameters (see Sections
3.5.4 and 6.6).

4.2 Observing conditions and astrophysical sources
In addition to the uncertainty introduced by the use of photometric redshifts, there
are three very important sources of systematic error: the observing conditions on
the site of observation and during the time period in which the images are taken,
the survey properties and the astrophysical sources of contamination. An example
of observing conditions is the seeing, which is caused by the turbulent nature of the
atmosphere. Seeing is characterised by the full-width half-maximum (FWHM) of
the point spread function (PSF) of the images taken through the atmosphere. High
seeing values cause the flux of point-like sources to be spread over a bigger area
than as seen from space, where no atmosphere causes distortions. These effects are
a consequence of ground-based observation.

Survey properties are quantities that are not related with the atmospheric conditions
themselves, but with the survey strategy, that also affect the number of objects
detected. For example, exposure time determines the amount of photons captured
by the CCDs, thus creating a clear dependence between the number of objects
detected at a given patch of the sky and the amount of time that this position was
observed. There are also other position-dependent quantities, such as the survey
depth and calibrations or corrections that are subsequently applied to the data,
that must be taken into account to characterise the variation of the galaxy number
density across the sky.

Finally, the astrophysical foregrounds are a source of contamination that must be
taken into account for observations performed by both space and ground-based
instruments. The main foregrounds are stellar density and dust extinction. It is
possible that in regions of high stellar density, typically near the galactic disc and
globular clusters at the halo, some stars can make it to the final galaxy sample and
be labeled as actual galaxies. This is determined by the limitations of the star-galaxy
separation technique employed. This could result on a non-cosmological increase of
the galaxy number density in these regions. At the same time, bright stars can hide
background galaxies with their own light, causing the opposite effect on the galaxy
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number density. The dust of the Milky Way absorbs and scatters the light from both
stars and galaxies and it reddens their light. This can result in faint objects being
undetected and the change in the colour can also affect the photometric redshift
calibration and galaxy sample selection.

In the following sections and subsections of this chapter we introduce the multiple
sources of systematic error considered in the DES-Y3 galaxy clustering analysis and
we introduce the study of the existing correlations among them. Then, in the next
chapter, we describe the fiducial methodology employed for their mitigation, as well
as a summary of alternative methods for the correction of systematics.

4.2.1 Survey property maps (SP maps)

The first step in the process of evaluating and mitigating the impact of the different
sources of systematics is to quantify them. In particular, it is necessary to quantify
them spatially, since the observable we are interested in, w(θ), is a function of the
angular separation of points across the sky. In addition, given that the information in
each point of the footprint comes from the stacking of several images, it is necessary
to use a statistic to summarise the information contained in each pixel as a scalar
value. For this purpose, survey property maps, or SP maps for short, are created.
Hereafter, we will refer to these maps simply as SP maps, and for simplicity we will
include under this name not only the survey properties themselves (depth, exposure
time, etc), but also the observing condtions and the astrophysical sources. The
SP maps are equatorial NESTED Nside=4096 (0.7 arcsec2) HEALPix [105] maps
that keep track of the spatial variation of a certain statistic concerning the imaging
conditions of the survey across the sky.

The SP maps are created as an ancillary product of DESDM [217]. On the following
list we introduce the maps (with their abbreviations) that have been considered for
the systematic mitigation effort and we describe them briefly:

• airmass : Secant of the zenith angle.

• fwhm: Average FWHM of the 2D elliptical Moffat function [163] that fits best
the PSF model from PSFEx [36].

• fwhm_fluxrad : Twice the average half-light radius from the sources used for
determining the PSF with PSFEx .

• exptime: Exposure time.

• t_eff : Scale factor used to calculate an effective exposure time as τ × t, with
t the raw exposure time. It is calculated in terms of the atmospheric trans-
mission, η, the image point spread function full width half maximum (PSF
FWHM) and the flux from the sky b, and assuming canonical values of η = 1,
FWHM= 0.9′′ and a sky brightness representative of the zenith dark sky, bdark
(sky brightness is the product of sky flux and exposure time, t) [165].

• t_eff_exptime: Effective exposure time, τ × t.
• skybrite: Sky brightness from the sky background taken as the median per

CCD.
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• skyvar : Variance on the sky brightness.

• skyvar_sqrt : Square root of sky variance.

• skyvar_uncert : Sky variance with flux scaled by zero point.

• sigma_mag_zero: Zero point uncertainties.

• fgcm_gry : Residual gray corrections to the zero point from Forward Global
Photometric Calibration [43].

• maglim: 10σ magnitude limit in 2 arcsec aperture diameter estimated by
mangle [224] from the weight maps.

• sof_depth: Depth of the images calculated with magnitudes from SOF pho-
tometry [217].

• magauto_depth: Depth of the images calculated with regular SExtractor [37]
mag_auto magnitudes.

• stars_1620 : Map of DES point sources with 16 < SOF-r < 20.

• stellar_dens : map of stellar density (# stars/deg2) constructed from stars_1620
and using fracdet.

• sfd98 : E(B−V ) interstellar extinction map estimated from a map of dust IR
emission [211].

For surveys whose catalogues are based on single-epoch images, such as SDSS
[203, 143], the mapping between sky position and observing conditions is relatively
straightforward. However, for multi-epoch surveys, such as DES, this is not the
case, since several single-epoch CCD images are processed and stacked together
to form coadd images. The strategy employed by DES to address this issue is to
use a summary statistic for the individual images to assign a value of the different
quantities to each position on the sky [142]. Table 4.1 shows a summary of the dif-
ferent statistics used to define each of the SP maps listed above and their physical
units. WMEAN corresponds to the mean value weighted using the weights obtained
from mangle1 [224]. MIN, MAX correspond to the minimum or maximum of all
the stacked images. SUM represents the sum of all the contributing images, while
QSUM represents the quadrature sum.

The maps corresponding to either observing conditions or survey properties are
produced for the grizY photometric bands. stars_1620 is a internal DES map of
the point sources with a cut in SOF-r magnitude between 16 and 20. stellar_dens
is a map of stellar density (# stars/deg2) constructed from stars_1620 and making
use of the fractional pixel coverage, fracdet, of the DES-Y3 observed footprint. This
map is generated at Nside= 512 and then we upgrade it to Nside= 4096. sfd98 is
an external E(B−V ) interstellar extinction map estimated from the D. J. Schlegel,
D. P. Finkbeiner and M. Davis (1998) map of dust IR emission [211]. The Y -band
is not used in this analysis, so in total we work with 26 × 4 + 3 = 107 SP maps,
although some of them, such as magauto_depth and maglim, are not used at any

1mangle is a software designed to deal with complex angular masks, such as those used in galaxy
surveys. https://space.mit.edu/~molly/mangle/
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SP map Units Statistics
airmass ∅ WMEAN, MIN, MAX
fwhm arcsec WMEAN, MIN, MAX

fwhm_fluxrad arcsec WMEAN, MIN, MAX
exptime seconds SUM
t_eff ∅ WMEAN, MIN, MAX

t_eff_exptime seconds SUM
skybrite electrons/CCD pixel WMEAN
skyvar (electros/CCD pixel)2 WMEAN, MIN, MAX

skyvar_sqrt electrons/CCD pixel WMEAN
skyvar_uncert electrons/ s · coadd pixel

sigma_mag_zero mag QSUM
fgcm_gry mag WMEAN, MIN
maglim mag

sof_depth mag
magauto_depth mag
stars_1620 # stars
stellar_dens # stars/deg2

sfd98 mag

Table 4.1: SP maps considered for the systematics mitigation effort of the DES-Y3
analysis together with their physical units and the statistics used to generate them
from the stacking of images.

point of the analysis, as is explained on Section 4.2.3. Some of these SP maps are
shown on Figure 4.2.

4.2.2 Correlation among maps and basis

Most of the SP maps introduced in the previous subsection present some degree
of correlation. There are several reasons for these correlations: the most obvious
one is the fact that many of these maps correspond to the same physical magnitude
quantified by different statistics. Maps corresponding to close photometric bands are
also more correlated, because some of these quantities, such as the seeing, depend
weakly on the wavelength of the light. This is amplified by the survey strategy,
since exposures are taken in pairs of bands, gr and iz. Finally, some SP maps are a
function of other maps, such as the magnitude limit or depth that depends on the
exposure time.

As aforementioned, we use the SP maps to characterise the different systematic
effects that are potential contaminants of our data. Then, as we explain in Chapter
5, we correct for them by means of some decontamination method. From the point
of view of this decontamination, one would not expect the full set of SP maps to
really have a significant impact on the data. In addition, correcting for a certain
map can result in the simultaneous correction of other maps that correlate positively
with it, while a negative correlation can induce the opposite effect. In particular,
this is a behaviour observed when applying the DES-Y3 fiducial methodology for
systematic decontamination, which is an iterative pipeline that finds and corrects
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(a) airmass-i (b) t_eff_exptime-r

(c) fwhm_fluxrad -z (d) sfd98

Figure 4.2: Examples of the different maps of observing conditions and foregrounds
used for the DES-Y3 galaxy clustering analysis: (a) airmass-i, (b) t_eff_exptime-r,
(c) fwhm_fluxrad -z and (d) sfd98. The maps displayed do not have the angular
mask applied yet.

for the most significant SP map stepwise (see Section 5.1).

In this sense, as a preliminary step in the decontamination process, we perform a
study of the correlations between maps and a dimensionality reduction. This is done
for two main reasons: given the large number of SP maps under consideration and
the iterative nature of the process employed, a reduction on the number of effective
maps to be used can considerably accelerate calculations. This is also important
for the validation process (see Chapter 6), since the same process is run massively
in a large number of log-normal mock catalogues. The second reason is that using
an excessive number of maps can lead to overcorrection problems due to chance
correlations, especially depending on the basis of SP maps, as it will be explained
in Chapters 5 and 7.

We take two different approaches to the dimensionality reduction problem, which
result in two different sets of maps: on the one hand, we use the original or standard
basis of SP maps, that is, the maps described above. Hereafter we will refer to this
basis as STD basis and to the original SP maps as STD maps. Then, we reduce
their number by means of Pearson’s correlation coefficient matrices. On the other
hand, we do a principal component analysis of the STD maps, thus rotating the
standard basis to a new one in which the original maps are statistically independent
from each other. This technique allows to reduce the number of maps based on the
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amount of total variance that they explain. We will refer to this as PC basis and
we will name the maps in this basis as PC maps. We will use the term SP map to
generically refer to maps in either basis. The process followed for both SP bases is
covered into more detail in the following subsections.

4.2.3 Standard (STD) SP maps

As stated in the previous section, many of the STD maps correspond to the same
physical magnitude quantified by different statistics. Therefore, the STD maps can
be grouped in families, for example the family of the seeing maps. In order to better
define these families and to identify further correlations beyond the obvious ones,
we calculate the Pearson’s correlation coefficient,

rP (X, Y ) =
cov(X, Y )

σX · σY
(4.1)

of every STD map pair. Figure 4.3 depicts this correlation for every pair of maps
in i -band. It can be seen how, for instance, seeing maps form a family of positively
correlated maps, as expected, while they mildly anti-correlate with t_eff, since this
factor is inversely proportional with FWHM. For the same reason, the t_eff family
also anti-correlates with the skybrite family. Here we have automatically excluded
the maglim, magauto_depth and stars_1620 maps. The two former were excluded
because this photometry was used neither for MagLim nor for redMaGiC, and
the latter because it is completely correlated with stellar_dens, since it is simply a
transformation from number of stars to density.

Figure 4.3: Pearson’s correlation coefficient matrix of all observing condition and
survey property in i -band and the astrophysical foregrounds maps in the STD basis
(i.e. STD maps).
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Figure 4.4: SP maps with |rP | ≥ rl. By means of this limit on the Pearson’s
correlation coefficient we can define SP families in order to select a representative
map and reduce the dimensionality.

To check the stability of the box structure seen in Figure 4.3, we define a limit,
rl, for the correlation coefficient and we vary it. This way we identify groups of
highly correlated STD maps by looking at those maps with |rP | ≥ rl. The value of
the threshold rl ranges between 0.5 and 0.9. By using a rl below 0.5, many STD
maps would be considered correlated (in the extreme case of a very low rl the whole
matrix would be considered a single group, so in that case an alternative would be
to perform a principal component analysis of the STD maps, so the correlations
would be captured in a few components), while above rl = 0.9 most of the maps
are considered independent (there would be almost no off-diagonal elements), not
allowing us to reduce the number of maps, as desired. We observe a stable group
structure between rl = 0.5 and 0.7, so we finally take the latter value as our limit.
This stability allows us to define the STD map families, which can be seen in Figure
4.4. Once we identify the STD map families from the correlation matrix, we select
a representative map from each of them. The criterion applied to choose these
representative maps is to take WMEAN whenever is possible, since we assume that
from the different available statistics, this one best captures the value of the different
conditions/properties at each pixel after the stacking of images. We perform this
reduction per photometric band separately and we observe that the box structure
is the same and behaves similarly with rl for all bands, so the STD representative
maps selected are the same for the four bands. The number of STD representative
maps is 8 per band, so the final number of STD maps considered is 34: 8 STD maps
per band × 4 bands + 2 foreground maps. They are listed in Table 4.2. Their
correlation matrix for i -band is displayed in Figure 4.5. As it can be seen, within
the same photometric band there are still some correlations with |rP | ≥ rl between
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Representative SP maps Statistic
airmass WMEAN

t_eff_exptime SUM
fwhm_fluxrad WMEAN

skybrite WMEAN
skyvar_uncert

sigma_mag_zero QSUM
fgcm_gry WMEAN
sof_depth

stellar_dens
sfd98

Table 4.2: STD representative maps selected from the full list of 107 SP maps.

some maps, such as sof_depth-i and t_eff_exptime-i. This kind of correlations
are not unexpected, since the depth depends on the exposure time and we deem it
unnecessary to group them together because the decontamination process described
in Section 5.1 is conceived to be able to handle with correlations between maps.

Figure 4.5: Pearson’s correlation coefficient matrix of the STD representative maps
chosen in i -band. As it can be seen, there are still some remaining correlations with
|rP | ≥ rl between some maps, but we do not group them within a single family
because the decontamination process (see Section 5.1.2) can handle these correlated
maps.

On the other hand, Figure 4.6 shows the correlation between the the 34 STD rep-
resentative maps in all griz -bands. As it can be seen in both figures, most of the
chosen maps are independent to the level of rl = 0.7, but some correlations remain,
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Figure 4.6: STD representative maps in griz -bands with |rP | ≥ rl. Most of the
final maps considered for the decontamination process are uncorrelated to this level,
although there are still some correlations that the iterative method deals with.

not only between maps of the same family, as expected, but also with some members
of other families, although not necessarily with all of them. This is why we apply
the rl criterion only to select representative maps of the same band, since otherwise
the selection of a map from a given family should be made taking into account the
selections on other families simultaneously. For example, skyvar_uncert in r -band
does correlate with sof_depth in gri-bands but it does not with sof_depth in z -
band, so the choice is less trivial. For this reason, we deem it more conservative
to perform the reduction per band separately, so we leave freedom to the iterative
method described in Section 5.1 to deal with these non-trivial correlations between
maps. A more thorough dimensionality reduction would imply to take into account
at the same time the physical mechanism by which each STD map affects the data,
how the different maps correlate with each other and particularities of the survey,
such as which photometric bands cause more impact on the data or are used for
specific calibrations.

4.2.4 Principal Component (PC) SP maps

Principal Component Analysis (PCA) is a dimensionality reduction technique that
allows to transform a large set of random variables into a smaller one that still
contains most of the information contained in the former. It basically consists on a
rotation from the original basis of random variables, {Xi}, to a new basis, {PCi},
at which the variables PCi are independent or, from a geometrical perspective,
orthogonal between them. These variables are called Principal Components, or
PC hereafter. Furthermore, each PCi corresponds to a direction along which the
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maximal amount of the total variance of the data is explained. In particular, the
PC are organized such that, by construction, the first PC, PC1, corresponds to the
direction that accounts for the highest amount of variance on the data, PC2 points
into the direction that accounts for the second highest variance, and so on. For this
reason, most of the information is encapsulated into the few first PC, thus allowing to
reduce the dimensionality by excluding components of low variance. The PC are the
eigenvectors of the covariance matrix of the standardised original variables, and the
eigenvalues are the amount of variance explained by the corresponding eigenvector.

The main steps of PCA are as follows:

• Standardisation: this is done to make the different random variables compara-
ble and to make them contribute the same to the analysis. It is an important
step, since PCA relies on the variance of the original variables. This is achieved
by doing

X → X ′ =
X − X̄
σX

, (4.2)

with X̄ and σX the mean and the standard deviation of the variable X, re-
spectively.

• Obtain the covariance matrix of the variables.

• Diagonalise the matrix and calculate eigenvalues and eigenvectors.

In our case, measurements correspond to each observed HEALPix pixel on the
footprint and the random variables for each measurement correspond to the values
of the different STD SP maps at those pixels. By doing a PCA of N STD maps,
what we do is to make N linear combinations of them that result in a set of N PC
maps, that is

PCi =
N∑
j=1

αij · STDj . (4.3)

To create the PC maps, we have considered the full list of 107 STD maps, that
is, we do not exclude maglim, magauto_depth or stars_1620. We proceed in this
way because if the are two or more STD maps with high correlation, then the PCA
finds them and captures this correlation into a single PC. This is the case of the
different depth maps among them and of the stars map with stellar_dens. The
same applies to correlations between photometric bands, so we do consider the four
of them together. For this reason, we find it more convenient to not make any
preliminary selection and to let the PCA algorithm perform the analysis on the full
list of maps. Figure 4.7 shows the contribution of each STD map (rows) to each
PC map (columns), i.e., the coefficients αij of the linear combinations. Element i, j
of this matrix corresponds to the coefficient with which STD map i contributes to
PC map j. It is very important to take into account that the numbering convention
that we will follow for the PC maps throughout all this document will be starting
to count by 0, since the PCA is performed Python based. Thus, pca0 should be
taken as the first principal component map and pca106 as the last one.

In Figure 4.8 we show the correlation matrix for the 107 PC maps, where it can be
seen that the resulting maps meet the condition of being independent. Nevertheless,
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Figure 4.7: Coefficients αij with which each of the 107 STD maps (rows) contributes
to each of the resulting PC maps (columns). To better visualise them, we only label
some of the maps. It can be seen how some PC maps have contributions from a
wider range of STD maps, especially to lowest components, while the highest ones
have contributions from more specific groups of STD maps.

some non-zero off-diagonal terms can be spotted, especially for the highest compo-
nents. This means that the assumption of linearity made to perform the PCA might
not be perfect. This is further discussed at the end of this chapter.

Once the PCA has been obtained, it is possible to reduce the number of maps to be
used by selecting components from the first one (that contains most of the variance
and thus most of the information of the original data, by definition) to some higher
component. There are several criteria for determining which component to stop
counting at, most of them based on the explained variance of each component. This
can be depicted on a scree plot, as in Figure 4.9. Among these criteria, one consists
on identifying on the scree plot the component at which there is a clear change in
the trend (e.g., an elbow). In our case, the trend is very smooth, so there are no
evident features on the scree plot that help to define a cut-off. Another option is
the Kaiser’s criterion [131], that states that, when using standardised variables as
in our case, we should only retain components with variance above 1. According
to this criterion, we should stop counting at pca22. A third option is to retain the
number of components necessary to explain a given amount of the total variance.
This is shown in Figure 4.9, where the blue line represents the variance of each PC
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Figure 4.8: Pearson’s correlation coefficient matrix for the 107 PC maps. It is
clear that the resulting maps show a very high level of independence between them.
Nevertheless, there are some non-zero off-diagonal terms, especially corresponding
to the higher components. This is an indicative the assumption of linearity made
by the PCA is not perfect.

map and the orange corresponds to the percent of accumulated variance. Our final
choice for this cut-off is to retain the 50 first PC maps, stopping at pca49. The
amount of accumulated variance explained up to this PC map (dashed black line
in the figure) is ∼ 98%. This set of maps together with the Iterative Systematics
Decontamination method are the fiducial choice of the DES-Y3 galaxy clustering
analysis for the decontamination of the Y3 lens galaxy samples. In Chapter 7.4 we
provide additional criteria and tests on the data that determine the choice of this
subset of PC maps as the fiducial ones.

The PCA technique has been used for the treatment of imaging systematics in other
surveys [232] in a similar manner to the one described here. Other options have been
explored, as for example in the equivalent analysis for DES-Y1 [81], where the PCA
was obtained only for the seeing maps, since they showed important correlations.
PCA is a suitable tool to reduce the dimension of the problem and it can also help
to account for subtle sources of contamination. If the decontamination method
used is iterative or, in any case, if the method determines the significance of the
contamination map by map, marginalising on the rest of them, it is possible that
certain combinations of contaminants cause a significant impact on the data while
their individual effects are within the method tolerance. In this sense, PCA helps
capturing these combinations into single PC maps. An alternative to this would
be to perform a simultaneous fit, so every map contributes to the contamination
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Figure 4.9: Scree plot of the variance explained by each principal component. It can
be seen how the highest components explain almost no variance, by construction.
Most of the information is contained by less than half the 107 PC maps. We use
this to determine the number of components to be kept, since the smoothness of
the graph does not make it possible to apply a cut based on any clear feature.
The blue line corresponds to the variance of each individual PC map, while the
orange one shows the percent of accumulated variance up to each component map.
The amount of accumulated variance contained up to pca49 (vertical dashed line)
is ∼ 98%. Based on this criterion and on the tests shown in Section 7.4, we retain
PC maps until this component. Given their low variance, the remaining maps are
compatible with noise.

to some level, which would be proportional to the coefficient of the multilinear fit.
However, both PCA and simultaneous fits can entail other risks, such as tendency
to overcorrect, if the STD maps present any issue in their creation. This is discussed
in more detail in Section 7.4

In this work we will use the maps from the PC basis as our fiducial set of maps
to estimate the systematic correction. This is aligned with the DES-Y3 3×2pt
analysis, which also uses the weight maps (see Chapter 5) derived from PC maps as
the fiducial correction for the lens galaxy samples. Nevertheless, we will also show
results for the STD map basis, although some analysis choices, such as the inclusion
of systematic terms to the covariance matrix, will be dictated by the results with
the PC basis.

A note on non-linear correlations: other correlation coefficients

We have introduced two dimensionality reduction methodologies, either working on
the STD maps or constructing PC maps. However, both the Pearson’s correlation
coefficient and PCA assume that the random variables are correlated linearly, which
is not necessarily true across the whole range of STD map values. In order to deter-
mine the validity of this assumption, we calculate the Spearman’s rank correlation
coefficient, rS, which describes the correlation between random variables in terms
of a monotonic function, not a linear one. This is a slightly more relaxed condition
about the correlation between maps, since rank correlation is concerned only with
the order of values, not with the particular values of the variables. We observe
that rS tends to be slightly higher than rP for several STD maps. This means that
the rS is able to capture some non-linear correlations between maps that were not
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Figure 4.10: Spearman’s correlation coefficient matrix of the STD maps in i -band.
This correlation coefficient does not assume linear correlations between the random
variables, but a correlation given by a monotonic function.

accounted for when using Pearson’s coefficient. Thus, we expect deviations from
linearity to be evidenced by a rS value very different from that of rP for a given
pair of STD maps. The change that we observe is so small that the box structure
presented in Figure 4.4 is not altered, as it can be seen in Figure 4.10, which is an
analogue using rS. We conclude then rP is precise enough to base selection of STD
representative maps on it. Moreover, we expect only very strange correlations to
result in rP = 0, even if they are non-linear. We can also use the Spearman’s rank
correlation coefficient to assess the performance of the PCA. The output should be
a set of 107 independent maps, but the algorithm could fail if it is forced to deal
with non-linearly correlated STD maps, resulting in some dependent PC maps. In
order to evaluate the independence of the PC maps, we compute the Spearman’s
correlation matrix and we set stricter limits, rl, than in the case of rP , so we can de-
termine to what level these maps are independent in terms of a monotonic function.
In the case of PC maps it is reasonable to lower this limit more than in the case of
STD maps, because we know a priori that they should show negligible correlations.
We need to lower this limit to rl = 0.2 to start having off-diagonal elements, as it is
shown in Figure 4.11. Given these results, we consider that the resulting PC maps
are sufficiently independent to proceed with the dimensionality reduction.
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Figure 4.11: Spearman’s correlation coefficient matrix for the 107 PC maps. Note
that we need to lower the limit |rS| to 0.2 in order to see some off-diagonal terms,
meaning that the PC maps are actually very independent between them.
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Chapter 5

Methods for observational
systematics mitigation

Many of the current cosmological analyses rely on the mapping of some underlying
cosmological field, from temperature fluctuations of the last scattering surface for
CMB measurements [186, 188] to the density field for galaxy clustering [192] and
BAO scale [47] analyses or the shapes of source galaxies for weak lensing measure-
ments [103]. These maps of the large-scale structure of the Universe are the input for
different statistics and estimators, such as the N-point correlation functions, from
which the inference of the underlying cosmology is made.

As the area and depth explored by cosmological surveys keeps increasing, the statis-
tical uncertainty of these measurements is shrinking to unprecedented levels. This
has allowed the DES Collaboration to provide tight constraints on dark energy and
the trend will continue with the arrival of surveys such as the Rubin Observatory
LSST-DESC [1], DESI [10] and Euclid [139]. This huge improvement in statistical
power implies that the accurate characterisation and mitigation of systematic er-
rors becomes a vital task for the unbiased derivation of cosmological information.
Therefore, it is essential to develop techniques for treatment of systematics, either
at the map or the correlation function (or other estimators) level.

The development of methodologies for systematic decontamination is subject of
constant evolution. Many different approaches have been proposed and applied
during the last decade for different surveys and data sets. One of the simplest
approaches to the problem of removing systematic contamination is to simply mask
regions of the sky where extreme values of the SP map are observed. This has been
applied to analyses with the angular correlation function of SDSS-III [203] and the
science verification data of DES [57]. Area masking is particularly useful to cut
zones of the footprint affected by bright stars and other foreground objects, such
as the Magellanic Clouds, or imaging artifacts. In some cases, very bright objects
make it necessary to completely discard the affected images. Some examples of this
situations can be seen in Figure 5.1.

In this work we focus on the methods that make use of template maps of potential
contaminants. These templates are none other than the SP maps presented in
Chapter 4. Among these methods we highlight the template subtraction method
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Figure 5.1: Examples of different imaging effects on DES Y6 images. The two top
panels show an exposure of DECam where different artifacts can be observed: from
bright stars saturating pixels and producing streaks to satellite traces. The bottom
left image displays a foreground galaxy. All these effects must be masked during the
processing of the images to later produce a galaxy catalogue [217]. The bottom right
image shows an exposure at which a very bright star was captured. This results in
reflections that make the supporting structure of the primary focus of the telescope
visible. This kind of images must be discarded.

[114], also named cross-correlation or correction technique [203]. This method acts
at the correlation function level. It assumes that the contamination model for the
observed density field, δobs, is a linear function of the true density field, δtrue, and
the overdensity of the systematic effect, δisys,

δobs = δtrue +

NSP∑
i=1

αiδ
i
sys . (5.1)

The correlation functions can be computed from Equation 5.1 (see also Equation
2.61). By definition, the true galaxy fluctuations are assumed to have no correlation
with the fluctuations of the systematic effects [57], so 〈δtrueδ

i
sys〉 = 0. Then, sub-

tracting the cross-correlation terms of the observed density field with the systematic
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effects, the auto-correlation function of the true density field is obtained as

wtrue(θ) = wobs(θ)−
NSP∑
i=1

NSP∑
j=1

αiαj〈δisysδ
j
sys〉 . (5.2)

This method has the disadvantage of being too aggressive, in the sense that it
corrects for the full list of available SP maps, so chance correlations between SP maps
and the data can be treated as the actual contamination. This leads to biases due to
overcorrection and to the need of introducing a debias term [79]. This method was
applied to the DES SV galaxy clustering measurements [57], for which a quantitative
criterion to select SP maps was defined, in order to prevent overcorrection. An
alternative method that uses template maps is mode projection [207, 141], which is
used with power spectrum estimates of the galaxy clustering. This method acts at
the map level by assigning a very large variance to the systematics modes in the
covariance matrix, which will result in an unbiased estimator of the power spectrum,
with the systematics modes leaving the estimate of the true signal unaffected. The
main limitation of mode projection is the construction and inversion of a covariance
matrix for the whole SP map, which can be an intractable problem. An extension
of this method, pseudo-C` mode projection [80, 17], solves this problem, but in
turn it removes some of the real signal during the mitigation process. Therefore, it
needs to debias the measured clustering using an estimate of the expected level of
overcorrection, similar to the template subtraction method [79, 237]. Both methods
are prone to overcorrection, since they use all the available SP maps, and their
correct performance relies on the contamination being linear. An alternative to
using all maps available is to manually exclude SP maps beforehand, based on some
criterion, so the level of false correlation due to chance correlations is reduced. This,
however, means that we assume that the excluded maps do not really have any
impact on the data, so we risk biasing the measurements by undercorrection if this
assumption is not true. The approach of using all available maps has also been
recently incorporated in a new method [235] based on Markov Chain Monte Carlo
(MCMC). In turn, this method acts at the map level by producing correcting weights
for the galaxies in the sample. It also runs on the full list of maps and takes into
account the pixel covariance of these maps. This assumes a relation similar to that
from Equation 5.1, but this time the δtrue field is treated as noise from a fit and
the systematic terms are absorbed into a systematic function, F (s). This function
is fitted by means of MCMC, which allows to include map-level error estimates on
the process, and all SP maps are fitted simultaneously. However, a large number of
maps makes the application of this method less viable computationally.

As it has been already mentioned, another possibility to correct the data is to act at
the map level by computing correcting weights that are applied to the galaxies in the
sample. This approach has been applied to the calculation of the angular correlation
function of several surveys, such as the DES-Y1 clustering measurements [81], SDSS-
III [203, 204], eBOSS [140, 30, 122, 205, 195] and KiDS [232]. The methods employed
for the DES-Y3 galaxy clustering analysis [202] belong to this category of methods
as well. In addition, as opposed to using either all SP maps or selecting them
beforehand, there is an intermediate option: reduce the number of maps to be
corrected for in a data-driven way, that is, taking into account the preferences of the
data for some contaminating SP maps through their correlation. The main methods
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explored in this work, Iterative Systematics Decontamination (ISD), and also Elastic
Net (ENet), use this approach to the problem of deciding which SP maps are
important. We dedicate the following sections to explain these two methods in
detail, especially ISD, since it is our fiducial decontamination method. In the recent
years, the usage of artificial neural networks (ANNs) is expanding as new technique
for the treatment of observational systematics. These methods [197] can model the
relationship between observed density field and SP maps in a more flexible way,
since they allow to use models beyond the simplest ones, such as linear functions.
They can also prevent overfitting issues by using k-fold cross-validation.

As mentioned in Section 3.5.2, the galaxy clustering correlation function in the DES-
Y3 analysis is calculated by means of the Landy-Szalay estimator, which makes use of
random catalogues. Then, another alternative way to account for systematic effects
on the homogeneity and structure of the data and is to modify the random catalogues
used by the w(θ) estimator. The idea is then to modify the uniformity of the
random catalogues so they mimic the systematic structure seen on the data. That
way, the systematic signals cancel out in randoms and galaxy sample, so only true
cosmological signal and homogeneous signal are compared. Different methods have
been developed to address this principle. For example, Self-Organising Maps (SOMs)
have been recently applied to the 4th data release of KiDS [129] to learn the relation
between observed galaxy density and SP maps and to create “organised” randoms
that mimic the contamination from the data. It is also possible to generate random
catalogues that include measurement effects by injecting artificial objects in real
images distributed on a uniform grid and making them pass to the data reduction
pipelines. This is accomplished by the Balrog [222, 85] software. The objection to
this technique is that is very expensive in computational terms. We also highlight the
empirical method to modify the random catalogue used for the clustering analysis
of CFHTLenS data [166], which maps the observed galaxy over-densities to the
survey parameter values, and the Depth Adaptive Randoms To Handle Fluctuations
(DARTH-Fluctuations) [201] method, which considers that all systematic effects
translate into variations in the limit depth of the data. Basically, this method divides
the galaxy sample in bins of its magnitude limit and determines the distribution in
magnitude i of the galaxies in each bin. After this, based on this distributions, it
draws a statistical weight for magnitude limit bin. These weights are then used to
reject points from the random catalogue evaluated at regions with low probability
of finding objects (regions with higher magnitude limit will appear less populated).

In the following sections we explain in more detail the methods that have been
applied for the mitigation of systematic effects in the DES-Y3 lens samples. The
main method is ISD, which has been used to obtain our fiducial weights. Then
ENet has been used to ensure the robustness of the former method and to obtain
an estimation of systematic uncertainties from our corrections. Finally, we use
weights derived from a neural net methodology to further prove the robustness of
our results, although this method does not undergo the same validation process as
ISD does. These methods have in common two things: that they generate weights
that are applied to the data and that they perform the selection of the contaminating
SP maps in a data-driven way and, in principle, no pre-selection of the SP maps is
needed. The STD34 selection (see Section 4.2.3) is carried out for optimisation of
the processes and the consequences of this choice are studied in Section 7.4. The
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impact of choosing a selection of PC maps different from PC<50 is also discussed
in Section 7.4.

5.1 Iterative Systematics Decontamination (ISD)
In this section we introduce the DES-Y3 fiducial methodology employed to mitigate
the systematic contamination on the data. It is an extension of the method used in
DES-Y1 [81]. This method is organised as an iterative pipeline that depends on three
main inputs: a galaxy sample, a list of SP maps and a set of mock galaxy catalogues.
Both the data and the SP maps have already been described in Chapters 3 and 4.
The remaining key element is introduced in the next subsection. For simplicity,
the examples provided throughout this section are focused on the STD maps, but
the exact same methodology and reasoning apply to the PC maps unless otherwise
stated. In addition, if it is not specified, it can be assumed that we are working with
maps (SP maps, data or mocks) at Nside= 512.

5.1.1 Mock galaxy catalogues

The first step when performing systematic mitigation is to define a way to quantify
the contamination from a given source of systematic uncertainty, described by the
SP maps, and to determine the significance of that contamination on the data. For
this purpose, it is necessary to define a criterion to flag an SP map as potentially
contaminant and then to compare that level of contamination observed on the data
with more realisations of the Universe, so the statistical significance of the signal
can be evaluated. At the end, this is not but another aspect of the cosmic vari-
ance problem: our data, i.e., our Universe, corresponds to a single realisation of the
underlying power spectrum. When correcting for systematics, we evaluate the corre-
lation between the different SP maps and our data. For this reason, it is important
to also compare with more realisations of the Universe, since finding a correlation
different from zero between a given SP map and the data tells nothing about the
significance of that correlation. By chance, an SP map can resemble the structure
of the data without that meaning that it actually has an impact on the data. If this
same correlation is not observed in other (simulated) realisations of the same power
spectrum, then it is possible to assert that such SP map has a significant influence
on the data.

We use mock galaxy catalogues with a log-normal distribution of the galaxies as
such cosmological realisations. These mocks must reproduce the sample properties
in order to compare with them properly. For this reason, to generate them there are
some inputs that must be taken from the data. These inputs are:

• redshift distribution, nig(z),

• number densities, 〈ngal〉,
• blind galaxy bias estimate, bi,

• skewness parameter for the log-normal transformation, k0.

The redshift distributions, the number densities and the blind galaxy bias estimates
of MagLim and redMaGiC can be seen in Tables 3.2 and 3.3, respectively. In
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Cosmological parameter Value
Ωm 0.30
Ωb 0.048
Ωk 0.0

Ων · h2 0.00083
h0 0.69
ns 0.97
As 2.19 · 10−9

w -1.0
wa 0.0

# of massive ν species 3
# of massless ν species 0.046

τ 0.08

Table 5.1: Cosmological parameters used as input to generate a theory prediction
of the of the galaxy clustering angular power spectrum, Cii

δg,Dδg,D
(`). This power

spectrum is then used to generate random realisations of the galaxy density field.

addition to these quantities, it is also necessary to assume some fiducial cosmolog-
ical parameters for their production. The DES-Y3 fiducial parameters for mock
production (based on DES-Y1 + Planck with no lensing constraints) are listed in
Table 5.1.

The process to generate log-normal mocks for a given galaxy sample is as follows:
using the cosmological parameters listed in Table 5.1, the nig(z) and the galaxy
bias estimates for each redshift bin we produce a theory prediction for the galaxy
clustering angular power spectrum, Cii

δg,Dδg,D
(`). This is done by means of the code

Camb, which is embedded in CosmoSIS (see Section 3.5.4). Then, Gaussian random
fields are generated for the galaxy density contrast, δg, that correspond to different
realisations of the same underlying theory Cii

δg,Dδg,D
(`), i.e. the same underlying

cosmology. Using the log-normal transformation described in [241], we transform
the Gaussian field into a log-normal one. This step requires a skewness parameter,
k0, which depends on the nig(z) of the sample. After this, we convert the density
contrast field to a galaxy number density field, that is, ngal = (δg + 1) · 〈ngal〉, where
〈ngal〉 is the mean galaxy number density measured over the footprint for the galaxy
sample to be simulated. These values can be found in Tables 3.2 and 3.3. At this
point, the generated fields are full sky realisations in HEALPix format. The survey’s
angular mask is applied to them to eliminate the unobserved regions and to assign
the detection fraction, fracdet, to each HEALPix pixel, so we obtain a map of galaxy
number counts, N i

gal = nigal · f i, where f i is the fractional coverage of pixel i. This
has also the advantage that any covariance matrix derived from these mocks already
incorporates mask effects. Finally, to include shot noise, the galaxy number counts
map is Poisson sampled at the pixel level, so each pixel is assigned a number counts
drawn from a Poisson distribution with mean the original N i

gal. The resulting object
is a galaxy mock sample in HEALPix format with and Nside= 512, that corresponds
to a pixel resolution or mean separation between pixels of about 6.87 arcmin. The
angular mask used in this process was a degraded version of the original one to
this Nside. We verified that this angular resolution is sufficiently high to have a
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negligible impact on the clustering signal at the scales employed in the cosmology
analysis. Moreover, any covariance matrix derived from these mocks is merely used
for systematic mitigation and validation tests, not for the final cosmology results,
for which a theoretical matrix is used. This process allows us to easily generate
large numbers of these mocks, that enable us to properly define a significance for
systematic contamination on the data. We create a set of 1000 log-normal mocks
for each galaxy sample. Their role in the systematic mitigation process is explained
in the next subsection. A similar set of mocks but with contamination imprinted
onto them are used for validation purposes, as will be described in Chapter 6.

5.1.2 Pipeline: iterative process

Here we introduce the methodology used for systematics identification and treat-
ment. It consists of an iterative process that identifies the most contaminant SP
map and corrects for it step-wise. This method was already employed for DES-
Y1 [81] and it has also been explored in other surveys [203]. The process can be
summarised as follows:

1. identify the SP map that causes the most significant impact,

2. obtain a weight map to correct the impact caused by that SP map,

3. apply it to the data sample,

4. re-evaluate until the contamination is lower than a pre-fixed threshold.

Since we are going to calculate correlations between observed data and SP maps,
first of all it is important that both are evaluated on the same patch of sky. For this
reason, we apply the angular mask to the galaxy sample and to the SP maps, so
both are observed on the same pixels with same fractional coverage. Moreover, we
work at different pixel resolutions, in particular at Nside= 4096 and 512, so we also
generate degraded versions of the SP maps (always after having applied the mask)
and make sure that any comparison data - SP map is made at the same resolution,
which depends on the step of the decontamination process.

In order to identify the most contaminant SP map at each iteration, we evaluate the
galaxy number density of our galaxy samples as a function of the value of each SP
map. From now on, we will refer to this relationship as 1D relation. For a given SP
map, s1, we obtain its 1D relation by binning its values, then identifying the pixels
of the footprint that lie within each of these bins, i.e., where sp1 ∈ binSP and finally
calculating the average density of galaxies on those regions. In DES-Y1 this binning
was made using an equal width bin. However, given the more complex geometry of
Y3 footprint, this time we apply an equal area binning, so we ensure that each SP
bin covers the same area on the footprint. This has the advantage that the error
bars of the different bins are of similar sizes, so all bins have similar contributions to
any fit made on the 1D relation. Nevertheless, binning the data can hide outliers,
especially when using an equal area scheme. To address this question, we try with
different numbers of bins, N1D

bins, for the 1D relations, as in the example given by
Figure 5.2, and we find no sign of major changes to the shape of the 1D relations and
thus to the quality of the fits, because the finer binning is compensated by broader
error bars as a consequence of considering smaller areas. We note that, given that
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Figure 5.2: Example of the effect of considering different numbers of bins. The
finer binning does not cause major differences on the shape. The finer binning is
compensated by broader error bars as a consequence of using smaller areas. This
error bars are calculated by bootstrapping. We note that the extreme value of
fwhm_fluxrad -i > 1.30 arcsec for the case ofN1D

bins = 80 is averaged when considering
bigger area bins.

we simply aim to check the impact on the 1D shape, the error bars displayed in this
example are not obtained from the log-normal mocks, but from bootstrapping. We
fix N1D

bin = 10 and this is the number of SP equal area bins that is applied through
this whole analysis for both MagLim and redMaGiC.

Moreover, SP maps whose values show a particularly skewed distribution are more
prone to result in empty 1D bins when using an equal width scheme, which is solved
by using variable width bins, as it is the case of equal area ones. Two examples of
this are given for fwhm_fluxrad -i and stellar_dens in Figure 5.3. Both maps show
some skewness, with stellar_dens having the most prominent one.

In Figure 5.4 we depict the sky maps of the two example SP maps. From the stel-
lar_dens sky map it can be understood that the skewness of their values distribution
is given by the astrophysical nature of this map, as the density of stars increases
towards lower galactic latitudes. However, it is important to take into account that
the statistical distribution of the values is not necessarily related with their spatial
distribution: fgcm_gry maps have also a very skewed distribution but they have no
spatial gradient on the sky. Figure 5.5 illustrates how the 1D bins are distributed
across the sky for these two maps. The spatial gradient of stellar_dens makes it
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(a) fwhm_fluxrad -i Nside= 512

(b) stellar_dens Nside= 512

Figure 5.3: Value distributions of (a) fwhm_fluxrad -i and (b) stellar_dens.

easier to check that each of the 1D bins covers the same area on the sky.

Finally, Figure 5.6 shows the 1D relation of fwhm_fluxrad -i and stellar_dens to-
gether with the accumulated area as a function of the SP bin at the first redshift
bin of redMaGiC. Since the seeing map has a more symmetric value distribution,
the 1D bins have more similar widths than in the case of the stellar map, which
presents a long tail towards high density values. This makes the high 1D bins to be
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wider than the lower ones.

(a) fwhm_fluxrad -i Nside= 512

(b) stellar_dens Nside= 512

Figure 5.4: (a) fwhm_fluxrad -i and (b) stellar_dens maps at Nside= 512. Before
degrading them, the angular mask was applied.
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(a) fwhm_fluxrad -i 1D bins Nside= 512

(b) stellar_dens 1D bins Nside= 512

Figure 5.5: Distribution on the sky of the 1D equal area bins of (a) fwhm_fluxrad -i
and (b) stellar_dens. The spatial gradient of the stellar_dens map allows a better
identification of the different bin values on the sky and how they cover similar areas.
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(a) fwhm_fluxrad -i

(b) stellar_dens

Figure 5.6: 1D relations for (a) fwhm_fluxrad -i and (b) stellar_dens with respect
to the first redshift bin of redMaGiC, together with accumulated area as a function
of the SP bin. The long tail towards high stellar_dens values causes the last 1D
bins to be wider than the initial ones, as opposed to those of fwhm_fluxrad -i, which
are more homogeneously distributed.

108



5.1. Iterative Systematics Decontamination (ISD)

Significance of the impact of an SP map, S1D

To define the level of contamination induced by the SP map s1, the quantity we are
interested in is the ratio of the observed galaxy number density evaluated at the
different SP bins, no(s1), with respect to that same quantity measured on the full
footprint, 〈no〉. Then, this quantity is fitted by χ2 minimisation to two different
functions:

Null test:
nio
〈no〉

(si1) = 1 ∀ si1, (5.3)

and
Model:

no
〈no〉

(si1) = m · si1 + c, (5.4)

where the index i runs over the SP bins. The fit from Equation 5.3 gives how much
the 1D relation is compatible with 1, that is, with s1 having no impact on the data.
This is quantified by the χ2 obtained from this fit, χ2

null. On the other hand, the fit
obtained from Equation 5.4 gives the compatibility with any other linear function as
a result of some degree of contamination, and it is quantified by χ2

model. To calculate
these χ2 values we make use of the 1D relations of s1 with 1000 of the log-normal
mocks described in Section 5.1.1 to create a covariance matrix. In doing this, we are
taking into account the covariance between SP bins and thus the covariance between
pixels. After this, we define

∆χ2 = χ2
null − χ2

model, (5.5)

which describes the level of impact on the data. Since χ2
null has Ndof = 10 degrees

of freedom and χ2
model has 8, then ∆χ2 follows a χ2 distribution with Ndof = 2. By

definition, χ2
model ≤ χ2

null. In fact, the model fit from Equation 5.4 considers the null
test from Equation 5.3 as a particular case when m = 0 and c = 1, in which case
∆χ2 = 0, meaning that s1 has no impact on the data. On the contrary, if there
is some level of contamination, then ∆χ2 > 0. Note that here we assume that the
1D relation can be properly fitted by a linear function. ∆χ2 is a measure of the
correlation between the density field and the SP map s1. However, it tells nothing
by itself about the significance of the contamination, but it only states that the
1D relation is not compatible with s1 causing no impact at all on the data. It is
possible that a particular realisation of an SP map has a structure that resembles
the density fluctuations of the galaxy field, resulting in a chance correlation [79] [81].
This situation becomes particularly important in our case, because we consider a
large number of maps, even after performing the dimensionality reduction, which
increases the probability of chance correlations. For this reason, it is necessary to
define a significance for the contamination level and to establish a threshold for it. To
address the significance of an SP map, we obtain ∆χ2

mock for that map with respect
to a set of 1000 log-normal mocks. This way, we obtain the probability distribution
to which compare the ∆χ2 measured on the data. From this distribution we define
∆χ2(68) as the value below which are 68% of the ∆χ2 measured on the mocks. An
example of this distribution for fwhm_fluxrad -r with respect to MagLim is shown
on Figure 5.7. Finally, the significance of the impact of the SP map is defined as

S1D =
∆χ2

∆χ2(68)
. (5.6)

This process of evaluating the level of contamination and assigning it a significance
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Figure 5.7: ∆χ2 distribution of fwhm_fluxrad -r with respect to the first redshift
bin of MagLim. The black dashed line represents the ∆χ2(68) value from the 1D
relations with the log-normal mocks below which 68% of the values are contained.
The red and blue dashed lines correspond to ∆χ2 from the data before and after
applying weights, respectively. The significance of the contamination is defined as
S1D = ∆χ2/∆χ2(68).

is made working with the data and the SP maps at resolution Nside= 512, since that
is the resolution with which the log-normal mocks are generated.

Once the significance is defined, we establish the criterion to flag an SP map as
contaminant. In order to be identified as significantly contaminant and to correct
for it, the SP map s1 must meet the condition

S1D > T1D, (5.7)

where T1D is a threshold that must be fixed beforehand, although we also study
the dependence of the correction applied with this quantity. If s1 has a structure
that happens to resemble actual cosmological structures, it results on more mocks
showing high ∆χ2

mock values, i.e. more chance correlations, therefore yielding a
higher ∆χ2(68) as well. In that case, an SP map that apparently causes impact
on the data can be flagged as non-significant, if ∆χ2(68) is high enough so that
S1D ≤ T1D. Thus, we would not correct for it. The square root of S1D is proportional
to the significance in terms of σ. To prove this, let us consider a single data point;
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then, we define the χ2 variable with 1 degree of freedom as

χ2
k=1 =

(x− x′)2

σ2
x

, (5.8)

where x is a data point, x′ is the theory prediction and σx is the error on x. Then, the
difference between the theory prediction and the data can be written as (x− x′) =
n · σ. This yields

χ2
k=1 =

n2 · σ2
x

σ2
x

= n2 . (5.9)

Generalizing this to the case of N degrees of freedom,

χ2
k=N =

N∑
i=1

(xi − x′i)2

σ2
x, i

≈
N∑
i=1

n̄2 · σ2
x, i

σ2
x, i

= N · n̄2 . (5.10)

where n̄ is the mean deviation of the theory predicted points from the corresponding
data points in terms of their σx, i. We make this approximation based on the fact that
the linear functions yield reasonable good fits on the 1D relations, so the dispersion
of the ni values is assumed to be small, thus n2

rms = n2 ≈ n̄2.

Since ∆χ2 = χ2
null − χ2

model and the model is always a linear function, that is, two
parameters are fitted, then ∆χ2 is distributed as a χ2

k=2. Therefore,

∆χ2 ≈ 2 · n̄2 . (5.11)

Another consequence of this is that ∆χ2(68) = σ∆χ2 =
√

2 · k, with k = 2 in our
case. Finally, we obtain

∆χ2

∆χ2(68)
≈ n̄2 . (5.12)

The thresholds that we consider along this analysis are T1D = 2, 4 and 9, which
correspond to significances of 1.41, 2 and 3σ. Low significance thresholds lead to
a more demanding decontamination process, since more SP maps are flagged as
contaminant. In preliminary tests with ISD, we obtained corrections with these
thresholds and we determined that T1D = 2 is the best choice, since it recovers the
true correlation function when evaluated on log-normal mocks with only marginal
levels of overcorrection (see Chapter 6 for a detailed explanation of this). On the
other hand, T1D = 9 results in undercorrection and T1D = 4 is competitive but
does not match the performance of the lowest threshold. Moreover, it has been
determined that the problems introduced by undercorrecting are greater than those
caused by overcorrection [237]. For these reasons, we will use T1D = 2 as our
fiducial significance threshold to decontaminate the data, although in some cases we
will report results from the other thresholds as well, as a cross-check of the correct
functioning of the process.

Weights from SP maps

If s1 is identified as the SP map with the highest significant impact on the data,
S1D, we proceed to correct for it. The correction is made by obtaining a weight
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map, w1, from this map. The weight map is defined as the inverse of the fit of the
corresponding 1D relation to F (s1), that is

w1 ≡
1

F (s1)
. (5.13)

At this point of the procedure F (s1) is not necessarily the same function that is
used to define S1D, since that function is always a linear one. The form of the
function F (s) depends on the SP map to be fitted, although we choose functions
as simple as possible to avoid overfitting issues or to remove actual cosmological
structure. Besides, we assume that the systematic effects cause small perturbations,
so we consider a linear approximation. Then, for Y3 we have used either simple
linear functions or linear functions of the square-root of the SP maps, so that

F (s) =

{
m · √s+ c if s = t_eff_exptime, skybrite or skyvar_uncert,
m · s+ c if s = any other STD map and all PC maps. (5.14)

In Section 7.4 and Appendix E we discuss the validity of the linearity assumption.
The linear function of the square-root is used for those maps in particular because
that is how they contribute to the depth maps. For the PC basis, we only use
simple linear functions. The coefficients of the fit are obtained using the data and
s1 at Nside= 512. At this point, the fractional coverage is taken into account when
defining the SP bins used to make the fit. However, F (s1) is evaluated on the pixels
of s1 at resolution Nside= 4096, since we want to apply the weights to the data at the
original resolution. The output is a weight map in HEALPix format that contains
the value of the weight that should be applied to the galaxies within each observed
pixel. Once w1 is obtained, we normalise it dividing by its mean, to ensure that
w̄1 = 1.

Data correction

The contamination caused by s1 is mitigated on the data by applying w1 to it. This
is done by simply multiplying the observed number of galaxies per pixel, Np

o , by the
corresponding weights, so

Np
o → Np

d = wps ·Np
o . (5.15)

This way, Np
o is re-scaled to an effective or decontaminated number of galaxies, Np

d ,
that depends on the effect that s1 has at pixel p. This step is made at the highest
possible resolution, Nside= 4096. All galaxies lying on the same pixel have the same
weight assigned. Since w̄1 = 1, the total number of galaxies is conserved, so the
effect of applying w1 is simply to modify the structure without removing or adding
objects. Figure 5.8 depicts, as an example, the 1D relation between skyvar_uncert-r
and redMaGiC at the last redshift bin when using the STD basis. Figure 5.9 shows
the same for the last redshift bin of MagLim and pca0 when using the PC basis.
On these figures we show the 1D relation at iteration 0, when both maps are flagged
as the most contaminant one in their respective cases, and then at iteration 1, right
after applying the weights derived from them at the previous iteration. The fits are
made using the 1D covariance matrix from the log-normal mocks and the error bars
correspond to its diagonal. As can be seen, the positive trends and the ∆χ2 reduce
notably after applying the weights, meaning that the model given by Equation 5.4
is much more compatible with the null test from Equation 5.3. In other words, the
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1D relations are much more compatible with no effect of these maps on the data at
these redshift bins.

Figure 5.8: 1D relation of redMaGiC at its last redshift bin with skyvar_uncert-r
from the STD basis at iteration 0 (red triangles and dashed line) and at iteration 1
(blue dots and dashed line), right after correcting for it.

Figure 5.9: 1D relation of MagLim at its last redshift bin with pca0 from the PC
basis at iteration 0 (red triangles and dashed line) and at iteration 1 (blue dots and
dashed line), right after correcting for it.
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Iterative process

We have described the process that undergoes when an SP map is identified as the
most contaminant one on the unweighted data and how its impact is mitigated.
Nevertheless, in general there is more than one map causing a significant effect on
the data, that is, maps whose S1D > T1D. The maps that have low or no correlation
with s1 are not affected by the correction imparted by the weights derived from
it. On the other hand, maps positively correlated with it have their associated S1D

decreased, while maps negatively correlated have it increased. The magnitude of
this effect is given by the level of correlation between s1 and the rest of the maps,
as was described in Section 4.2.2. Note that, in any case, this effect is modulated
by the correlation of the SP maps with the data and not by the correlation between
themselves purely.

The steps described before correspond to iteration 0: S1D is calculated on the un-
weighted data for each SP map and the one with the highest significance, s1, is used
to derived a weight map, w1. After that, iteration 1 starts by applying w1 to the
data and re-evaluating S1D for all SP maps. At this iteration, it should be found
that s1 has S1D ≤ T1D, meaning that the correction has worked correctly. Now, it is
found that another map, s2, has a significance higher than the threshold. The steps
followed are the same as for s1: fit the 1D relation of s2 using the appropriate F (s2)
and its 1D covariance and derived w2 from it, then apply this weight map to the
data and re-evaluate all the significances. An iteration ends when the significance
of all SP maps is checked after having applied weights from the previous iteration.
The iterative process continues until all SP maps meet the condition S1D ≤ T1D or
until a preset maximum number of iterations is reached. This maximum number
serves as a warning that the level of contamination in the data is too high or that
the 1D fits are not properly working. Another possibility is that weighting for a
certain map causes the significance of another map that it is anti-correlated with to
become higher than the threshold T1D, even if that map was corrected for before.
We call this behaviour see-saw and it is more frequent for lower thresholds, as the
change in the 1D relation induced by the same level of correlation can be detected
more easily as significant. By definition of the PC maps, it is also less frequent on
this map basis, although it does not completely disappear. In any case, we do not
find any non-convergent case on any basis, even if the contamination found on the
data is high.

At the end of the process, the total weight map that is applied to the data is the
product of the individual weight maps derived from each SP map, that is,

wT =

f∏
i=1

wi , (5.16)

where i runs on the number of SP maps it is necessary to weight for. wT contains the
information about the individual contaminants. This total weight map is normalised
at the end of the process as well. The pipeline runs this procedure separately for
each redshift bin and is employed the same way for both STD and PC bases. The
iterative nature of ISD has into account two covariances: the covariance between
pixels or regions of the sky, which is accounted for when fitting the 1D relations
using the mock covariance, and the covariance between SP maps, because it allows
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MagLim
Redshift bin STD SP maps corrected for
0.20 < z < 0.40

∣∣∣
9
fwhm_fluxrad -r

∣∣∣
4
fwhm_fluxrad -g, skybrite-i,

sof_depth-g, sigma_mag_zero-r
∣∣∣
2

0.40 < z < 0.55 fwhm_fluxrad -r
∣∣∣
9
fwhm_fluxrad -g

∣∣∣
4
fgcm_gry-r,

fwhm_fluxrad -i, skyvar_uncert-r,
sigma_mag_zero-g, stellar_dens

∣∣∣
2

0.55 < z < 0.70 stellar_dens
∣∣∣
9
fwhm_fluxrad -i, fwhm_fluxrad -r

fwhm_fluxrad -g
∣∣∣
4
skybrite-i, sfd98

∣∣∣
2

0.70 < z < 0.85 stellar_dens, fwhm_fluxrad -r, fwhm_fluxrad -i
fwhm_fluxrad -g

∣∣∣
9
skyvar_uncert-i, sfd98

∣∣∣
4

fwhm_fluxrad -r, sigma_mag_zero-i
∣∣∣
2

0.85 < z < 0.95 sfd98, fwhm_fluxrad -r, fwhm_fluxrad -g
∣∣∣
9

skyvar_uncert-r, fwhm_fluxrad -z, skybrite-g
∣∣∣
4

airmass-z, fwhm_fluxrad -r
∣∣∣
2

0.95 < z < 1.05 skyvar_uncert-r, fwhm_fluxrad -g, fwhm_fluxrad -r
sfd98, stellar_dens, airmass-g

∣∣∣
9
skyvar_uncert-g

fwhm_fluxrad -i, fwhm_fluxrad -z
∣∣∣
4
t_eff_exptime-z,

skyvar_uncert-r, sfd98, stellar_dens
∣∣∣
2

Table 5.2: List of STD maps found to have impact on MagLim at each redshift bin.
|T1D

corresponds to the SP map, i.e. the iteration, the process stops at when setting
T1D = 2, 4, 9. Note that at the first redshift bin of it is not necessary to weight for
any SP map for T1D = 9.

the correction for a given map to have an effect on the contamination produced by
those correlated with it. This second covariance shrinks when using the PC basis,
since the PC maps are statistically independent by definition, though non-linearities
can cause some residual correlations to persist and the correlation with the density
field can also induce some effect between maps after applying weights.

5.1.3 Pipeline results: lists of maps and weight maps

The outcome of the iterative process is a list of SP maps that are necessary to weight
for at each redshift bin of the galaxy sample in consideration. The list of SP maps
for both redMaGiC and MagLim are shown in Tables 5.2 and 5.3 for the STD
basis and in Tables 5.5 and 5.6 for the PC basis, respectively. Depending on the
significance threshold we are interested in, the rows of these tables should be read
stopping at the vertical line |T1D

, which corresponds to the iteration the process
stops at for a given T1D. The effect of rising the value of the significance threshold,
that is, decreasing the strictness of the contamination detection, is always to shorten
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redMaGiC
Redshift bin STD SP maps corrected for
0.15 < z < 0.35 skybrite-i

∣∣∣
9
sigma_mag_zero-r

∣∣∣
4
skybrite-z

∣∣∣
2

0.35 < z < 0.50 t_eff_exptime-z, skybrite-i
∣∣∣
9
fwhm_fluxrad -r

∣∣∣
4

t_eff_exptime-r, sof_depth-z
∣∣∣
2

0.50 < z < 0.65 sof_depth-z, stellar_dens
∣∣∣
9
fwhm_fluxrad -i

∣∣∣
4

skyvar_uncert-g, skyvar_uncert-z
∣∣∣
2

0.65 < z < 0.80 fwhmfluxrad -r, stellar_dens, sof_depth-i
∣∣∣
9, 4

t_eff_exptime-z, sigma_mag_zero-r
∣∣∣
2

0.80 < z < 0.90 skyvar_uncert-r, stellar_dens, fwhm_fluxrad -r
fwhm_fluxrad -z

∣∣∣
9
sfd98

∣∣∣
4
sof_depth-r,

t_eff_exptime-g
∣∣∣
2

Table 5.3: List of STD maps found to have impact on redMaGiC at each redshift
bin. |T1D

corresponds to the SP map, i.e. the iteration, the process stops at when
setting T1D = 2, 4, 9.

the length of the list or to leave it the same, but never to lengthen it.

Regarding the STD basis (Tables 5.2 and 5.3), we find that both galaxy samples
show a similar trend of being more impacted by observing conditions with increas-
ing photometric redshift. In particular the MagLim sample suffers a higher impact
than redMaGiC. In fact, at the last three redshift bins it can be seen that it is
necessary to weight for some SP maps twice when setting the threshold T1D = 2.
This is not completely unexpected due to the strictness of this threshold: looking
at the evolution of the significance after each iteration, we observe that some of the
final iterations correspond to fluctuations of S1D around T1D = 2. These fluctuations
are induced by a see-saw effect between some STD maps. Due to slight diversions
from linearity, this also happens for the PC basis, although the effect is less impor-
tant. In Figure 5.10 we display an example of the significance of the different STD
representative maps at iteration 0, i.e. without weights applied, and at the final
iteration, which depends on the threshold.

Table 5.4 shows the number of times it is necessary to weight for each STD rep-
resentative map, regardless of its photometric band. Cells in orange, green and
cyan correspond to the most frequently weighted family, then the second most fre-
quent and the third one, respectively. We note how fwhm_fluxrad is the most
commonly weighted map for both galaxy samples, with special impact on MagLim.
skyvar_uncert and stellar_dens are also maps which are among the most weighted
ones for the two samples, although there is not a clear correspondence. It is inter-
esting to see how, except for the seeing maps, the frequencies of the rest of the STD
maps are not significantly different for redMaGiC and MagLim. For this reason,
at a certain point of the analysis, we made a PCA of just the fwhm_fluxrad maps in
the four bands and replaced the STD seeing maps by their PCs. Using the number
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MagLim 1 2 3 4 5 6 Sum redMaGiC 1 2 3 4 5 Sum
airmass 0 0 0 0 1 1 2 airmass 0 0 0 0 0 0

t_eff_exptime 0 0 0 0 0 1 1 t_eff_exptime 0 2 0 1 1 4
fwhm_fluxrad 2 3 3 4 4 4 20 fwhm_fluxrad 0 1 1 1 2 5

skybrite 1 0 1 0 1 0 3 skybrite 2 1 0 0 0 3
skyvar_uncert 0 1 0 1 1 3 6 skyvar_uncert 0 0 2 0 1 3

sigma_mag_zero 1 1 0 1 0 0 3 sigma_mag_zero 1 0 0 1 0 2
fgcm_gry 0 1 0 0 0 0 1 fgcm_gry 0 0 0 0 0 0
sof_depth 1 0 0 0 0 0 1 sof_depth 0 1 1 1 1 4

stellar_dens 0 1 1 1 0 2 5 stellar_dens 0 0 1 1 1 3
sfd98 0 0 1 1 1 2 5 sfd98 0 0 0 0 1 1

Table 5.4: Number of weightings for each STD representative map, regardless of its
photometric band, at the different redshift bins of MagLim (left side of the table)
and redMaGiC (right side). Orange color corresponds to the most frequently
weighted maps, green to the second most and cyan to the third.

of maps it was necessary to weight for as a metric, we found no difference between
using the STD seeing maps and their PC equivalents. This is probably caused by
the FWHM being some of the less linearly behaved maps, so the PCA could be not
performing well when applied to a subset of maps with this kind of features.

Looking at the equivalent results for the PC basis (Tables 5.5 and 5.6), Figure
5.11 shows the significance of the different PC maps at iteration 0 and at the final
iteration depending on the threshold. We point out the fact that there are no
repetitions of PC maps: if they appear on the list of maps it is necessary to weight
for, they do only once per redshift bin. This can be interpreted as a proof of the
level of linear independence achieved by the PCA, because even if there are slight
correlations between some of the PC maps, they are not high enough to cause major
effects or see-saw behaviours on the 1D relations of these maps after weighting for
others. In Figure 5.12 we show the total number of times each of the 50 PC maps is
weighted for for our two galaxy samples. In particular, it can be seen how the most
frequent PC maps are pca8 for MagLim and pca0 for redMaGiC and that they are
flagged as the most contaminant maps at iteration 0. If we now look at which STD
maps contribute the most to these components, as it is shown in Figure 5.13, we
find that the maps with the highest coefficients |α0

j | for pca0 (following the notation
of Equation 4.2.4) are those for the t_eff_exptime, skyvar_uncert and sof_depth
families (and other non representative maps that are highly correlated with these
ones, such as exptime and magauto_depth), and the highest |α8

j | for pca8 are from
the fwhm_fluxrad family. Comparing with the maps from Table 5.4, we confirm
that these are among the most frequently weighted maps on the STD basis.

We also remark that, in general, in the PC basis the trend of weighting for more maps
with increasing redshift is the same as in the STD basis, although it is necessary to
weight for a higher number of maps in the PC basis. This happens because the PC
maps are decorrelated, so at each iteration the pipeline corrects for only one PC map
with almost no impact on the 1D significance of the rest of the maps. In contrast,
when using the STD basis, if we weight for a certain STD map, it has some effect
(positive or negative) on the significance of the other maps correlated with it. In
addition, each PC map is a linear combination of all the STD maps, so it does not
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5.1. Iterative Systematics Decontamination (ISD)

MagLim
Redshift bin PC SP maps corrected for
0.20 < z < 0.40

∣∣∣
9
pca8

∣∣∣
4
pca47, pca3, pca4, pca31, pca6, pca13

∣∣∣
2

0.40 < z < 0.55 pca8
∣∣∣
9
pca9, pca7, pca47

∣∣∣
4
pca42, pca11, pca24, pca43,

pca13, pca0
∣∣∣
2

0.55 < z < 0.70 pca8
∣∣∣
9
pca17

∣∣∣
4
pca14

∣∣∣
2

0.70 < z < 0.85 pca8, pca14, pca17, pca10
∣∣∣
9
pca7, pca12, pca13, pca9, pca4

∣∣∣
4

pca33, pca16, pca0, pca28, pca11
∣∣∣
2

0.85 < z < 0.95 pca8, pca4, pca7, pca23, pca0
∣∣∣
9
pca6, pca3, pca1, pca10,

pca16
∣∣∣
4
pca2, pca25, pca21

∣∣∣
2

0.95 < z < 1.05 pca0, pca4, pca23, pca7, pca8, pca5, pca6, pca3
∣∣∣
9
pca21, pca1

pca14, pca33
∣∣∣
4
pca26, pca10, pca18, pca47, pca20, pca39

∣∣∣
2

Table 5.5: List of PC maps found to have impact on MagLim at each redshift bin.
|T1D

corresponds to the SP map, i.e. the iteration, the process stops at when setting
T1D = 2, 4, 9.

redMaGiC
Redshift bin PC SP maps corrected for
0.15 < z < 0.35

∣∣∣
9
pca0

∣∣∣
4
pca13, pca2, pca1

∣∣∣
2

0.35 < z < 0.50 pca0, pca7
∣∣∣
9, 4

pca1, pca13, pca2
∣∣∣
2

0.50 < z < 0.65 pca0
∣∣∣
9
pca14, pca1

∣∣∣
4
pca33, pca16, pca9, pca6, pca20

pca10, pca2
∣∣∣
2

0.65 < z < 0.80 pca0, pca8, pca1, pca4, pca14
∣∣∣
9
pca7, pca32, pca2, pca12

∣∣∣
4

pca33, pca18, pca10, pca17
∣∣∣
2

0.80 < z < 0.90 pca0, pca4, pca14
∣∣∣
9
pca32, pca25, pca7, pca33, pca8, pca6

∣∣∣
4

pca18, pca1, pca35, pca24
∣∣∣
2

Table 5.6: List of PC maps found to have impact on redMaGiC at each redshift
bin. |T1D

corresponds to the SP map, i.e. the iteration, the process stops at when
setting T1D = 2, 4, 9.

contain 100% of any STD map (otherwise it would be completely independent from
the others and would be its own PC), so the effect of each STD map is, in some
sense, spread in different PC maps. This makes it usual to need to weight for more
maps when using the PC basis than with the STD one. On the other hand, if a PC
map happens to have relevant contributions from the STD maps that are found to
be the most contaminant ones on the STD basis, weighting for this PC map could
lead to a situation at which we weight for less PC maps than for STD maps. This
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5.1. Iterative Systematics Decontamination (ISD)

Figure 5.12: Total number of times it is necessary to weight for each PC map at all
redshift bins of MagLim (orange stars) and redMaGiC (blue dots). pca8 is the
most frequent PC map for MagLim, while for redMaGiC it is pca0. Note that the
numbering convention for the PC maps goes from 0 to 49.

is seen at the third redshift bin of MagLim, where on the STD basis we weight for
fwhm_fluxrad maps in gri−bands. Looking at Figure 5.13, we see that precisely
those maps are among the most relevant ones for pca8.

The aim of this part of the analysis is obtaining a weight map which is applied
to the different redshift bins of our galaxy samples. This final weight map is the
product of the normalised weight maps obtained from each SP map separately, as is
expressed by Equation 5.1.2. This mitigates the systematic contamination coming
from the different SP maps considered in either basis. The next step is to ensure that
this decontamination works properly, neither leaving uncorrected systematics nor
inducing any kind of bias in w(θ), which is the observable we are interested in. The
validation of these weight maps is described in Chapter 6. In addition, in Appendix
A we show the development of ISD-II, a generalisation of the 1D significance metric
employed by ISD, which takes into account the clustering properties of the SP maps.

5.1.4 Naming convention

As aforementioned, ISD is the fiducial decontamination methodology employed in
this work and in the DES-Y3 galaxy clustering analysis. In the previous section we
have presented the results obtained from running ISD on the 50 first PC maps and
on the 34 STD representative maps, our two fiducial sets of SP maps. However, in
the following chapters we present results making use of weights obtained from other
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5.2. Elastic Net (ENet) regularisation

configurations of maps and bases and also from the other two methods presented
in the next sections. In order to simplify the way we refer to each set of weights
obtained, we establish the following naming convention for them: first, we indicate
the method with which the weights are obtained and then, followed by a hyphen, we
state the SP basis employed and the number of maps. Then, the weights presented
in this section are named ISD-PC<50 and ISD-STD34.

5.2 Elastic Net (ENet) regularisation

We have seen that ISD estimates the level of contamination imparted by each SP
map via their marginal 1D relations. This way, the identification and correction of
contaminants is performed in a data-driven manner. However, as we have already
mentioned in Section 4.2.3, the marginal 1D relations can, in principle, fail to unveil
the presence of contamination weakly distributed across a combination of several SP
maps. This possibility is discussed in Section 7.4. An alternative to deal with this
potential risk is to carry out a multilinear fit to all SP maps. This is the approach
made by the Elastic Net (ENet) method [243]. Since in this case all maps are taken
into account simultaneously, without marginalising over any of them, any problem-
atic combination of SP maps would be captured. The multilinear regression assigns
different coefficients or contamination amplitudes, αi, to each SP map depending on
the level of correlation with the data, by minimising the loss function

Loss =
1

2Npix

‖δobs − Sα‖2
2 , (5.17)

where

• δobs is the observed density contrast at each position on the sky (this value is
obtained by using a HEALPix pixelisation of the galaxy sample and taking
into account the fractional coverage of each pixel by means of the fracdet
map),

• S is a matrix that has as columns the values at each pixel of each SP map
(after standardisation of each SP map, so they have mean 0 and standard
deviation 1), so its dimension is Npix×NSP, with NSP the number of SP maps
considered, and

• α is the vector containing the coefficients of the fit for each SP map, αi.

The subscript “2” in Equation 5.17 represents the L2-norm of the difference between
the measured response, i.e. the observed density contrast, and the predicted re-
sponse, Sα. In this context, as mentioned before, the true density contrast field can
be interpreted as the residual of this regression [237]. Nevertheless, if the coefficients
fit too perfectly the relation between observed data and systematic maps, that would
lead to overcorrection, so true cosmological signal would be removed. The chances
of overcorrection increase when considering large numbers of SP maps, since that
is equivalent to introduce more explanatory variables. As we have seen, ISD deals
with this by evaluating the 1D relation of each map not only against data, but also
against mocks, which enables to define a significance for the contamination of each
SP map and to conclude whether to correct for them or not.
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To prevent overfitting and at the same time provide a selection of maps based on
the data, ENet introduces a regularisation process to the minimisation problem.
In particular, it combines two usual options: the Least Absolute Shrinkage and
Selection Operator (LASSO) [91] and the ridge [116, 115] regressions. The inclusion
of the regularisation is made by modifying the loss function presented in Equation
5.17 [237]. This time, coefficients of the α vector are calculated such that they
minimise the loss function

Loss =
1

2Npix

‖δobs − Sα‖2
2 + λ1 ‖α‖1 +

λ2

2
‖α‖2

2 . (5.18)

In this equation, ‖α‖1 is the L1-norm of the α, that is,

‖α1‖ =

NSP∑
i=1

|αi| , (5.19)

and ‖α‖2 is the L2-norm of the vector α,

‖α2‖ =

√√√√NSP∑
i=1

|α†iαi| . (5.20)

Minimising Equation 5.18 over α is equivalent to maximise the log-posterior [202]

P(α) ∝ − 1

2Npix

||δobs − Sα||22 − λ1||α||1 −
λ2

2
||α||22. (5.21)

The LASSO regression term in Equation 5.18 penalises non-zero αi coefficients.
Therefore, it acts as a data-driven selection of contaminating SP maps, favouring
the reduction of the number of maps to be fitted without making any initial as-
sumption and reducing the chances of overcorrection. On the other hand, the ridge
regression is a method employed to perform a multilinear regression when some of
the independent variables present important correlations between them, also known
as collinearity. Both penalty terms, λ1 and λ2, increase their values [237], i.e. be-
come more important, as the number of non-contaminating maps included in the list
of SP maps increases and as the correlation between these maps are more relevant,
respectively.

The DES-Y3 default configuration [202] to apply the ENet methodology is to em-
ploy the scikit-learn [176] implementation of ElasticNetCV with a hyperparam-
eter space of λ1/(λ1 + λ2) ∈ {0.1, 0.5, 0.9} and 20 values of (λ1 + λ2). These values
span four orders of magnitude and are determined automatically from the data. This
ENet implementation is run on both MagLim and redMaGiC using the Nside=
512 degraded version of the SP maps. In order to obtain the optimal values of λ1 and
λ2, we use a 5-fold cross-validation. To train this, we use a random selection of 30%
of pixels of the input SP map. To select these pixels we consider pixels with a frac-
tional coverage higher than 0.1 obtained from the corresponding degraded fracdet
map. Each of these training samples is divided into five equal subsamples. We take
four of the subsamples for training by minimising/maximising Equation 5.18/5.21
and the remaining one is used to measure the mean squared error (MSE, that is, the
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first term of Equations 5.18 and 5.21) on it with the values obtained for λ1 and λ2.
Then, the validation subsample is replaced by one of the four training subsamples
and the process is repeated until all subsamples have been used for validation. The
MSE from each validation subsample is used to determine the best combination of
λ1 and λ2 hyperparameters via their goodness-of-fit.

Since the S in Equations 5.18 and 5.21 matrix depends on the number of pixels of
the SP maps, working with very high resolutions can slow down the performance of
ENet and the tests that rely on it. For this reason, and since we use ENet only as
a robustness check to ISD, we produce ENet weights only and Nside= 512. Then,
before applying these weights to the data, the galaxy samples must be degraded to
the same resolution.

Due to their data-driven selection of the contaminants, both ENet and ISD are
found to be very robust to overfitting when the set of SP maps is large [237]. Each
of them has it strengths and weaknesses: ISD is slightly more susceptible to issues
derived from highly correlated SP maps or from contamination spread across several
maps not detected by the 1D marginals. On the other hand, ENet does not take
into account the covariance between SP pixels. We also conclude that, due to its
multilinear fit nature, ENet is less sensitive to the SP basis. We find a way to
overcome, or at least characterise, these potential weaknesses in the combined use
of these two methods. Then, we use ENet to obtain weights from the data with two
goals: to evaluate the difference in the performance of this method and ISD when
applied to the same set of SP maps and to determine whether the two methods are
sensitive to the same modes and levels of contamination. This is presented in more
detail in Chapter 6 and in Section 7.4, where we explain that, in addition to running
ENet on the fiducial set of SP maps, that is, PC<50, we also run this method with
alternative configurations for validation purposes.

5.3 Neural net weights (NN-weights)
The third method considered during the DES-Y3 analysis enables us to abandon
the assumption that the relation between the observed galaxy number density and
the SP maps is linear or even given by a polynomial. In this case, the function w(s)
of the vector s of the SP values that maximises the uniformity of the observed data
is realised by a neural network [197]. Contrary to ISD and ENet, we apply this
method only on the STD basis of maps. The flexibility of this methodology makes
it, in principle, less sensitive to the SP basis, although we note that the NN-weights
have not been subjected to a thorough validation process as ISD has (see Chapter
6). For this reason, we use the NN-weights only as an evaluation of the robustness
of some assumptions.

To prevent overtraining, so true cosmological signal would be absorbed by the w(s)
function, we make two considerations [202]:

• we restrict ourselves to use only the STD maps that should in principle fully
described the characteristics of the coadd images. These maps maps are:
fwhm, skyvar_uncert, exptime and fgcm_gry using the WMEAN statistic for
the griz -bands, the sfd98 map and, different to ISD and ENet, gaia_density,
an estimate of the local stellar density made from the Gaia EDR3 [96];
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• we take the input vector s as the logarithm of each of the STD maps considered,
except for sfd98, since this map already describes a logarithmic quantity. The
dimension of each map is then re-scaled so they have their 1-99 percentile
ranges span (0,1). The area for which any of the rescaled STD maps has si
outside the range (-0.5,1.5) is masked (less than 1% of the total area). This
is done because we know that the neural net will fail to train well on outlier
values of the STD maps;

• we use a 3-fold cross-validation. To do this, the footprint is divided into pixels
in HEALPix format with Nside= 16. These pixels are randomly divided into 3
distinct folds. The weights for each fold are calculated by training the neural
net on the other 2 folds. The training stops when the loss function of the
target fold does not improve anymore.

The weights obtained from these STD maps remove any correlation between the
observed data and airmass and the depth maps (sof_depth and magauto_depth).
In addition, fgcm_gry is found to have no significant influence, so it is excluded.
This yields 14 final STD maps.

NN-weights obtains the correcting weights by training the neural net to minimise
the binary cross-entropy,

S ≡
∑
ni>0

log n̄fiwi +
∑
ni=0

log(1− n̄fiwi) , (5.22)

where ni is the galaxy number counts, fi is the fractional coverage and wi is the
weight estimate for pixel i. The weight function is then defined as

logw(s) = α · s +NN(s) , (5.23)

where α describes a nominal power-law relation between the STD maps and the
expected galaxy number density. NN is a three-layer perceptron that describes
deviations from a pure power-law behaviour.

As already mentioned, this method does not undergo an extensive validation process,
but as it will be explained in Section 7.4, it helps to check some assumptions made
by the ISD and ENet methods.
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Chapter 6

Validation of the weights and
robustness tests

In this chapter, we test the robustness of the corrections applied to the data. By mit-
igating the effect of observing conditions, we remove non-cosmological signals that
could bias the measurement of w(θ) and therefore the estimation of cosmological pa-
rameters. However, it is necessary to ensure that the decontamination methodology
itself does not introduce any kind of bias or any effect on the shape of the correla-
tion function. These biases could be due to either undercorrection or overcorrection.
The purpose of the validation tests that we present in this chapter is to determine
whether ISD induces any of these effects and to estimate their magnitude. To do
this, we employ log-normal mocks and the weights obtained with ISD and with the
alternative method, ENet. In addition, we also introduce the procedure followed
to take into account these potential biases as a systematic contribution to the error
budget. These tests rely on two types of log-normal mocks: uncontaminated and
contaminated mocks. The former are unaltered mocks, that is, the same mocks that
are used for the calculation of the 1D significance. We will refer to these as uncon-
taminated mocks. The latter type are the contaminated mocks. These are mocks
generated the same way as the original ones, but we introduce an additional step
where we add contamination estimated from the data (as explained in the previous
chapter). We will refer as decontaminated mocks to those that had contamination
added and then were corrected by some method. In the following sections we present
the main validation tests that must be conducted in order characterise these biases.
In addition, these tests depend on the value of significance threshold, T1D, that was
fixed beforehand. We will focus on the strictest of the values that we consider,
T1D = 2, since this is the value most prone to cause overcorrection but also because
we are interested in the level of uncorrected contamination that the most demanding
threshold could still leave.

The main biases that we investigate are the false correction bias and the residual
systematic bias. The former is caused by overcorrection due to chance correlations
of the SP maps with the data, while the latter is related with undercorrection due
to uncorrected systematic contamination. We define both by means of the angular
correlation function of uncontaminated and decontaminated mocks. The resolution
of these mocks is Nside = 512, which corresponds to separation angles of ∼ 6.87
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arcmin between pixels. For this reason, we compute the correlation function of the
mocks at angular scales above this limit. This makes 14 angular values out of 20
from the measurement data vector (see Section 3.5). The study of these systematic
biases at smaller scales would require higher resolution mocks, but the scale cuts
applied to the data to avoid unmodelled non-linear effects (see Sections 3.4.3 and
3.4.4) are all above the mock resolution limit, so the clustering analysis and the
cosmological parameter inference is not compromised by small scale effects.

To quantify the impact of these biases on the correlation function, we calculate the
χ2 of the fit of the mean w(θ) from decontaminated mocks, w̄dec(θ), to the mean
w(θ) from the uncontaminated ones, w̄unc(θ), that is,

χ2 = (w̄dec(θ)− w̄unc(θ))
> · C−1 · (w̄dec(θ)− w̄unc(θ)) . (6.1)

In this expression, C is the galaxy clustering part of the analytical covariance matrix
employed for the DES-Y3 3×2pt analysis. This covariance is produced by Cosmo-
Like [136], as introduced in Section 3.5.3. As it is explained later in Section 6.5,
we use the results from these validation tests to modify this purely statistical er-
ror matrix to make it take into account the contribution of significant systematic
uncertainties. However, in order to determine the significance of those systematic
contributions, we start using the unaltered matrix. These χ2 values enable us to
define a criterion to determine the necessity of marginalising over the impact of
the different biases: if any of the main effects introduced in this chapter produces a
χ2 > 3 change in w(θ) according to the definition in Equation 6.1, we will marginalise
over it. This criterion is inspired by that defined for the validation of the DES-Y3
multi-probe strategy [137], for which it is required that the impact of any poten-
tial systematic bias from the analysis choices should cause a bias on the (Ωm, S8)
2D parameter space no larger than 0.3σ2D. In our case, we consider the expected
standard deviation, σχ2 , of the χ2 distribution of the data vector containing the
galaxy clustering measurements. The number of degrees of freedom, Ndof , corre-
sponds to the total number of angular bins at all redshift bins after applying the
scale cuts introduced, 69 for MagLim and 54 for redMaGiC (see Tables 3.2 and
3.3). The standard deviation of a χ2 distribution is given by

√
2Ndof , so we obtain

χ2 > 0.3σχ2 ∼ 3.52 for MagLim and χ2 > 3.12 for redMaGiC. In order to set a
conservative limit for both samples, we finally set χ2 > 3 as our limit to marginalise
over biases. We only present χ2 results for ISD-PC<50 weights, since this is the
fiducial decontamination method of lens galaxy samples for the DES-Y3 analysis
and therefore we only marginalise over biases inferred from this configuration.

We note that these tests are run using the pixel version [57] of the Landy-Szalay
estimator [138] presented in Section 3.5.2 (see Equation 3.8). We use this pixel
estimator since we are testing it on mocks that are generated as HEALPix maps.
Moreover, it allows for faster computation of w(θ), which translates into the possibil-
ity of performing more validation tests in the same amount of time. In this thesis we
also use this pixel estimator when making tests on the correlation function from the
data, as we show in Section 7.4, although the fiducial DES-Y3 w(θ) measurements
are obtained with the random estimator. We verify on the data that the difference
between both versions of the Landy-Szalay estimator is negligible, especially at the
angular scales we are interested in. Therefore, the conclusions that we come to
in the next sections about the combination of weights with the pixel estimator for
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w(θ) hold for the version with randoms as well. We also note that in the case of
the random estimator it is not necessary to modify the uniformity of the randoms
by means of the selection function of the data, since this effect is already accounted
for in the data by the systematic weights.

6.1 Contamination of mocks
As it is explained in Section 5.1.2, both ISD, our fiducial decontamination method,
and ENet belong to the kind of correction methods that produce weights that
are assigned to each galaxy based on the systematic impact detected at their sky
locations. The decontamination with these weights is made as shown in Equation
5.15, that is, multiplying the observed number of galaxies at pixel i by the value of
the weight map evaluated at that same pixel. Therefore, this can be applied inversely
to imprint the contamination detected on the data to the log-normal mocks, i.e.,

Np
t → Np

c = Np
t ·

1

wpT
, (6.2)

where Np
t is the true number of galaxies with which a certain mock is created

and wpT is the total weight map given by Equation 5.1.2, both at pixel p. A brief
discussion of this contamination assumption can be found in Appendix A. This step
of adding the inverse of the weight maps is taken after converting the δg field into
a galaxy number counts field and before Poisson sampling it. We note that, in
order to contaminate any mock, it is necessary to obtain weights from the data
first. Moreover, since the mocks are generated at Nside= 512, it is necessary to
degrade the weight maps to this pixel resolution before applying them. This way,
we generate a set of log-normal mocks that correspond to independent realisations
of the same underlying power spectrum and that match the contamination detected
on the data. Then, it is possible to run any decontamination method on these
mocks, so we can detect the presence of biases on the recovered w(θ) comparing
it to that from uncontaminated mocks. However, this exposes a potential flaw for
the validation process: if we contaminate mocks with weights from a method and
then we decontaminate them by the same method, we are testing the sensitivity to
forms of contamination that we know a priori the method is sensitive to, since it has
already detected that contamination on the data. Validating one method making use
of another one which makes different assumptions to select the most contaminant SP
maps, represents an additional robustness test, since it has the potential of revealing
blind spots in the individual methods. These blind spots could hide biases that would
end up affecting our estimations from galaxy clustering measurements. For these
reasons, and because ISD is the method we want to validate, we contaminate mocks
using weights from ENet and decontaminate them with ISD.

One of the differences between ISD and ENet is the way they deal with correlations
between maps: given its iterative nature, ISD calculates marginal 1D relations, that
is, it checks the significance of each map one at a time marginalising over the effect
of the rest of them. This could lead to see-saw effects between highly anti-correlated
maps when using a strict significance threshold, although we verify that this effect
does not appear in our data samples and the processes always converge. If there is
some contamination distributed weakly across combinations of several STD maps,
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that could result in undetected levels of contamination as well. This kind of effect
is considerably reduced when using the PC maps, since the maps are decorrelated
and the potential contamination spread across several maps is absorbed into a single
component. On the other hand, ENet performs a simultaneous fit to all SP maps
it is given as input. This makes it less sensitive to potential issues derived from the
behaviour of highly correlated maps, finding also that this method is less dependent
on the choice of SP basis. However, it does not take into account the covariance
between pixels and it is also more prone to overcorrect.

The contaminated mocks are used to look for residual systematics that are not
corrected because the chosen method, i.e. ISD in this case, does not capture all
contamination. For this reason, to make our tests as stringent as possible, we are
interested in inputting an aggressive level of contamination instead of a mild one.
As we explain it later in Section 7.4, we observe that ISD-PC107 as well as ENet-
STD107 weights (and ENet-PC107 due to ENet basis independence) result in a
significant overcorrection of the clustering signal in both mocks and data. This
additional correction is then imprinted on the mocks as an extra contamination.
Even if this overcorrection is not desirable for the data, it is useful for imprinting
on the mocks the aggressive level of contamination that we are demanding. For
this reason, we use ENet-STD107 weights derived from the data to contaminate
them. Hereafter, we will refer to these mocks as ENet contaminated mocks or just
contaminated mocks for short. We create a set of 400 of them and, unless otherwise
stated, all validation tests will rely on them. In addition, we create a similar set of
contaminated mocks using ISD-STD34 weights, which are used only for auxiliary
internal consistency tests, as described in Section 6.2.2.

6.2 Internal consistency tests

Before conducting the main validation tests, it is necessary to make some initial
checks of internal consistency. This is important in order to be sure that any bias
detected by the tests described in the next two sections is due to the actual effect
that these tests seek to capture and not from some internal inconsistency or from an
assumption that does not hold. We focus on two aspects: the reproducibility of the
contamination seen on the data by the ENet contaminated mocks and the effect of
combining our weighting procedure with the Landy-Szalay [138] estimator for w(θ).

6.2.1 Reproducibility of the data contamination

The validation of our methodologies relies on mocks that incorporate contamination.
Therefore, it is necessary that the contaminated mocks reproduce well in shape
and amplitude the contamination observed on the data. To verify this, we simply
compare the 1D relations of the ENet contaminated mocks for each SP map with
that from the data. Figure 6.1 shows this comparison for the MagLim sample and
the corresponding contaminated mocks at their fourth redshift bin with a map in
the PC basis, pca0, and with another one in the STD basis, skybrite-r. We find
that the contaminated mocks reproduce well the contamination seen on the data for
every SP map. The χ2 of the fit of the mean 1D from the mocks to the data is 5.27
for pca0 and 3.65 for skybrite-r, with 10 degrees of freedom. We find similar results
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Figure 6.1: 1D relation between the galaxy density field of the MagLim sample at
its fourth redshift bin and the PC map pca0 (top panel) and the STD map skybrite-
r. The shaded black lines correspond to this relation from 400 ENet contaminated
mocks while the solid red line corresponds to that from the data. The χ2 values
from the fits of the mean 1D from the mocks to the data are 5.27 for pca0 and 3.65
for skybrite-r, with 10 degrees of freedom. This indicates that the contaminated
mocks reproduce well the systematic impact seen on the data.
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for the rest of maps in both bases. This provides a proof that the assumption that
we make in Equation 6.2 about decontaminating/contaminating multiplicatively is
valid. Moreover, we find that using ENet together with STD maps to produce
weights results on contaminated mocks that reproduce the contamination seen on
the data in both map bases. We note that the dispersion seen in the figure comes
from the different realisations of the power spectrum each mock corresponds to,
but the realisation of the contamination is only one, since we contaminate with a
single weight map. In addition, we note that each contaminated mock does not
have a correspondence with an uncontaminated mock, since they are generated
independently, so they are independent realisations. We conclude then that these
mocks are suitable to perform the validation tests that rely on them.

6.2.2 Estimator bias

We aim to detect biases on the angular correlation of the data produced by un-
corrected contamination or by an excess of decontamination. However, it is also
necessary to check that no bias is introduced by the combination of a weighting
procedure and the usage of an estimator for w(θ), as the Landy-Szalay estimator in
our case. In other words, under idealised circumstances of knowing the exact list of
contaminating maps, as in the case of contaminated mocks, we test whether ISD
introduces any bias when decontaminating for the exact same list of maps, which
would cause to not recover the correct clustering. To check this, we do not run the
iterative part of ISD on them, but we simply go through the list of contaminating
maps and decontaminate by them in order of appearance (that corresponds to the
order in which they were flagged on the data). Since the focus of this test is the
w(θ) estimator itself when applied to weighted data, independently of the correction
method or set of SP maps used to obtain them, there is no need to calculate this
bias for both map bases. Then, we conduct this test only using ISD on the STD34
set of maps, for both creating ISD-STD34 contaminated mocks and to correct them.

We define the estimator bias as

west. bias(θ) =
1

N

(
N∑
i=1

wdec, i −
N∑
j=1

wunc, j

)
(θ) , (6.3)

where wunc, i and wdec,i are the correlation functions from uncontaminated mocks
and from the decontaminated mocks, respectively, and N = 1000. The values of
this bias as a function of the angular scale are shown in Figure 6.2. It shows the
value of west. bias(θ) relative to the statistical error given by the diagonal of the
analytical covariance matrix employed throughout this analysis. This covariance
does not include any systematic contribution. The addition of the systematic terms
is covered in more detail in Section 6.5. It can be seen how the magnitude of the
estimator bias is negligible across redshift bins of our two galaxy samples. It does
not show dependency with the angular scale either. This shows that the combination
of the weighting methodology with Landy-Szalay estimator does not introduce any
bias when the list of contaminating maps is known, and therefore the validation tests
described in the next sections are actually showing what they intend to characterise
and they do not show just the baseline bias of our estimator. The empty dots on
Figure 6.2 correspond to the angular scales that are not considered at each redshift
bin for the later cosmology analysis.
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Figure 6.2: Estimator bias for each redshift bin of MagLim (top panel) and red-
MaGiC (bottom panel) as a function of the angular scale. The values are relative
to the statistical error given by the diagonal of the analytical covariance matrix
with no systematic contributions. This bias is negligible across redshift bins for
the two galaxy samples and it shows no dependency with the angular separation.
The empty crosses correspond to the angular scales excluded for each bin for the
cosmology analysis.

133



CHAPTER 6. VALIDATION OF THE WEIGHTS AND ROBUSTNESS TESTS

6.3 False correction bias

Even after performing a dimensionality reduction to use a smaller set of SP maps
to run the decontamination methods, their number is still considerable. Given a
large number of SP maps, the probability of chance correlations increases. Chance
correlation refers to the possibility of an SP map having a structure that resembles
that of the data just by chance, and then it will correlate with the data. However,
having a similar structure does not necessarily mean that the SP map has an impact
on the data. The more SP maps we consider, the more frequent this situation will
be. It will be also more frequent the stricter the threshold T1D is, since lowering
its value makes it more probable that a mild 1D relation is flagged as significant,
triggering the correction process. Correcting for any of these maps would result in
overcorrection, since we would be removing modes that are present on the data not
due to systematic contamination, but because they are actual cosmological structure
that happens to be resembled by a realisation of an observing condition.

In order to characterise and account for this effect, we make use of uncontaminated
mocks. Since these mocks do not incorporate any kind of contamination, any cor-
relation with an SP map will be the result of a chance correlation, because an SP
map with a data-like structure will correlate with the structure of the mocks more
frequently. To determine the frequency and magnitude of this effect, we run both
ISD-PC<50 and ISD-STD34 on a set of N = 400 uncontaminated mocks, similar
to what is done with the data. Then, we obtain a list of maps for which the it-
erative pipeline finds it has to correct for for each uncontaminated mock and the
corresponding weight maps. Once, this is done, we define the false correction bias
as

wT1D
f. c.bias(θ) =

1

N

(
N∑
i=1

wT1D
w,unc, i −

N∑
j=1

wunc, j

)
(θ) , (6.4)

where wT1D
w,unc, i(θ) are the correlation functions of the uncontaminated mocks that

undergo the decontamination process of ISD and wunc, j(θ) are the correlation func-
tions of the unaltered uncontaminated mocks.

The value of this bias relative to the analytical error on w(θ) is shown in Figure
6.3. We showcase the false correction bias for ISD-PC<50 (circles) and ISD-STD34
(crosses) configurations. Negative values of this bias are indicative of overcorrection.
We find negligible levels of overcorrection across all redshift bins for both ISD con-
figurations, with at most ∼ 20% of the statistical error for the first redshift bin of
both samples in the PC basis case. We also find no significant dependency with the
angular scale. This means that the level of overcorrection due to chance correlations
is under control given the set of maps considered by the two selections that we are
working with.

In Figure 6.4 we show the effect of the overcorrection due to chance correlations
on w(θ). We focus on the first redshift bin of both samples, since there is where
this effect is more noticeable. The effect on the other redshift bins can be seen in
Appendix B. The red and orange lines correspond to the mean correlation function
of the 400 uncontaminated mocks that undergo the decontamination process. The
black line is the mean of 400 uncontaminated mocks, which we take as a reference
(similar to the definition in Equation 6.4). As can be seen, both configurations of
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Figure 6.3: False correction bias as a function of the angular scale for each redshift
bin of MagLim (top panel) and redMaGiC (bottom panel) relative to the error
given by the unaltered analytical covariance matrix. These results correspond to
T1D = 2. Circles and crosses correspond to ISD-PC<50 and ISD-STD34 weights,
respectively, and an offset has been added to θ coordinate to facilitate visualisation.
The empty markers represent the scales not considered for cosmological analysis.
It can be seen how there are marginal levels of overcorrection for both samples at
all redshift bins, always well within the statistical error, and almost no angular
dependence.
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ISD yield a negligible level of overcorrection. We note that the error bars in this
figure correspond to the diagonal of the analytical covariance matrix that has been
modified to contain the contribution of the systematic terms that are introduced
in Section 6.5. The shaded region represents the scales that are excluded from the
DES-Y3 cosmology analysis.

In Table 6.1 we show the χ2 values from the fits of the uncontaminated mocks that
undergo the ISD process with the PC<50 maps to the unaltered uncontaminated
mocks. Neither galaxy sample has a joint χ2 value from this bias that exceed the
limit of χ2 > 3, therefore we do not deem it necessary to add this systematic effect
as a term to the final covariance matrix.

χ2 - MagLim, T1D = 2

Redshift bin False correction
Nd.o.f.bias

0.20 < z < 0.40 0.07 9
0.40 < z < 0.55 0.03 10
0.55 < z < 0.70 0.04 12
0.70 < z < 0.85 0.02 12
0.85 < z < 0.95 0.02 13
0.95 < z < 1.05 0.03 13

Joint fit 0.18 69
χ2 - redMaGiC, T1D = 2

Redshift bin False correction
Nd.o.f.bias

0.15 < z < 0.35 0.09 8
0.35 < z < 0.50 0.07 10
0.50 < z < 0.65 0.05 11
0.65 < z < 0.80 0.04 12
0.80 < z < 0.90 0.03 13

Joint fit 0.27 54

Table 6.1: χ2 values from the fits of w̄(θ)dec to w̄(θ)unc from the false correction
bias test for MagLim (top table) and redMaGiC (bottom table). These values
correspond to the fiducial ISD-PC<50 configuration. These numbers are not divided
by the number of degrees of freedom. To obtain this χ2 values we use the mean w(θ)
of 400 uncontaminated mocks as reference, the mean w(θ) of 400 decontaminated
mocks and the galaxy clustering part of the unaltered CosmoLike covariance
matrix.
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Figure 6.4: Mean correlation function from 400 uncontaminated mocks corrected by
ISD-PC<50 (blue line) and by ISD-STD34 (orange line), compared with the mean
correlation function of 400 uncontaminated mocks (black line). This shows that the
overcorrection due to chance correlations is negligible in MagLim (top panel) and
in redMaGiC (bottom panel). The error bars correspond to the diagional of the
analytical covariance matrix that contains systematic contributions. The shaded
regions depict the scales not considered for the later fits.
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6.4 Residual systematic bias
The other main source of bias on the measurement of w(θ) is undercorrection. This
may arise because the method fails to identify some contaminants and therefore it
does not correct for them. In the case of ISD, this could happen due to the signifi-
cance threshold being too relaxed (i.e. high), so some 1D relations are not flagged
as significant. In order to ensure that ISD performs correctly, so no undercorrection
is present on the measurement of w(θ), we run this method on contaminated mocks.
As stated before, these mocks are imprinted with an aggressive level of contamina-
tion with ENet-STD107 weights. Using ENet to contaminate the mocks instead
of ISD also has the advantage of imprinting modes of contamination to which the
former may be sensitive but not the latter. Moreover, given the iterative functioning
of ISD, it marginalises over the rest of the maps when computing the significance of
a certain SP map, so it could be possible that low-significance linear combinations
of maps could lead to a significant systematic impact, since they would elude the
iterative, individual approach to correction from ISD. The STD basis would be more
prone than the PC one to this kind of effect, since the principal components capture
these correlations. Nevertheless, as we will show in Section 7.4, we find no evidence
of such correlations affecting our corrections with ISD. In any case, combining two
different methods provides an additional level of robustness to this test, since it en-
ables us to find blind spots of the separate methodologies. Note that this additional
level of protection is not necessary for the estimator bias, because in that case we
want to decontaminate under idealised circumstances.

We define the residual systematic bias as

wT1D
r. s. bias(θ) =

1

N

(
N∑
i=1

wT1D
dec, i −

N∑
j=1

wunc, j

)
(θ) , (6.5)

where wT1D
dec, i(θ) are the correlation functions of the decontaminated mocks (this is,

contaminated mocks that undergo the correction process), wunc, j(θ) are the correla-
tion functions of the uncontaminated mocks and N = 400.

In Figure 6.5 we showcase the values of this bias relative to the diagonal of the
unaltered covariance matrix. We calculate these values for T1D = 2. Regarding
ISD-PC<50 weights (circles), it can be seen how the highest redshift bins of both
galaxy samples have mild levels of overcorrection (negative values), while at the
lowest bins there is a common trend to undercorrect at the smallest angular scales,
although still above the scale cuts (represented by the transition from empty to
filled markers), so this bias must be taken into account when inferring cosmological
parameters from w(θ). This is explained in Section 6.5. On the other hand, the
ISD-STD34 weights (crosses) are more prone to undercorrect at the lowest redshift
bins than the other configuration of ISD. In any case, since the weights employed
for this contamination come from using the full list of STD maps, we expect some
degree of undercorrection when later decontaminating with a smaller set of SP maps.
ENet independence with the choice of SP basis guarantees that this assumption
is valid when running ISD with both STD and PC maps on ENet contaminated
mocks. As is explained in Section 6.5, this undercorrection is taken into account as
a systematic contribution to the total error.
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6.4. Residual systematic bias

Figure 6.5: Residual systematic bias as a function of the angular scale for each
redshift bin of MagLim (top panel) and redMaGiC (bottom panel) relative to
the error provided by the unaltered analytical covariance matrix. These values
are obtained for T1D = 2. Both ISD-PC<50 (circles) and ISD-STD34 (crosses)
yield important levels of undercorrection at the smallest angular scales of the lowest
redshift bins of both samples, yet above the scale cuts, although ISD-STD34 is more
prone to this effect. This gives a χ2 > 3 (ISD-PC<50) from the fit to all redshift
bins, so we take it into account as a systematic term to the covariance. The largest
angular scales are recovered nearly unbiased by the ISD-PC<50 weights. The empty
markers correspond to the scales excluded for each bin.
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Figure 6.6: Mean correlation function from 400 ENet contaminated mocks (red
line), uncontaminated mocks (black line), ISD-PC<50 (blue line) and ISD-STD34
(orange line) decontaminated mocks, respectively, for MagLim (top panel) and red-
MaGiC (bottom panel). It can be seen how the true clustering signal is recovered
nearly unbiased at the largest angular scales, especially by ISD-PC<50. The un-
dercorrection at the smallest scales is marginalised over by adding it as a systematic
term to the covariance. Shaded region corresponds to the angular scales not used
for the cosmology analyses. Error bars account for systematic contributions.
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The effect of the undercorrection at the first bin of each galaxy sample, where the
effect is more remarkable, is shown in Figure 6.6. The effect on the rest of the
redshift bins can be seen in Appendix C. The red line corresponds to the mean
w(θ) from ENet contaminated mocks, the black line represents the mean from
uncontaminated mocks (used as reference) and the blue and orange lines correspond
to the mean of ISD-PC<50 and ISD-STD34 decontaminated mocks, respectively.
ISD-PC<50 performs a nearly unbiased recovery of the true clustering at the largest
angular scales. The bias due to undercorrection at the smallest scales is taken into
account as a systematic contribution to our error budget (see Section 6.5), although
this is mainly caused by the aggressive contamination imprinted on the mocks. This
effect is clearer for ISD-STD34, since the number of SP maps employed with this
configuration is even smaller, so this undercorrection is more noticeable for it. In
Section 7.4 we explore further the consequences of using different sets of SP maps.
The error bars in Figure 6.6 already account for the systematic contribution of the
different biases that are presented in Section 6.5. The shaded region highlights the
scales not used for the DES-Y3 cosmology analyses.

In Table 6.2 we present the χ2 values resulting from fitting the ISD-PC<50 decon-
taminated mocks to the uncontaminated ones. As can be seen, the lowest redshift
bins of MagLim cause the χ2 of the joint fit to exceed our limit of χ2 > 3, so we
conclude that we need to marginalise over the residual systematic bias to account for
this systematic uncertainty in the final error budget, even if part of this effect comes
from the additional contamination added to the mocks. Regarding the redMaGiC
sample, even if the χ2 from the joint fit is below our limit, we take the conservative
approach of also marginalising over the residual systematic bias for this sample.
This decision is also based on the issues found with this sample during the DES-Y3
analysis [68, 202, 175], that at the moment of obtaining these numbers were thought
to be due to uncorrected contamination from observing conditions. This hypothesis
has been ruled out by several validation tests that make use of ISD, ENet and
other alternative methods [202], some of which are discussed in Section 7.4.

6.5 Systematic contributions to the covariance ma-
trix

Given the increase in area with respect to the Y1 of data and the subsequent increase
in the number of objects in the galaxy samples, the systematic uncertainties become
comparable or even dominant over the statistical one. As explained in Chapter 4,
there are several sources of systematic uncertainty to a survey with the characteris-
tics of DES. In the previous chapter we have introduced the methods employed to
remove the systematic impact associated with survey property maps. However, as
we are covering in the current chapter, the decontamination method used can also
induce systematic effects on the measurements, such as overcorrection or undercor-
rection. Furthermore, the different performance of different methods applied to the
same data represents a source of systematic error as well.

In order to account for these systematic effects associated with the correction method,
we need to marginalise over the biases that they cause. This could be done by intro-
ducing a nuisance parameter over which marginalise when constraining cosmological
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χ2 - MagLim, T1D = 2

Redshift bin Residual systematic
Nd.o.f.bias

0.20 < z < 0.40 2.151 9
0.40 < z < 0.55 1.286 10
0.55 < z < 0.70 1.009 12
0.70 < z < 0.85 0.158 12
0.85 < z < 0.95 0.264 13
0.95 < z < 1.05 0.315 13

Joint fit 4.838 69
χ2 - redMaGiC, T1D = 2

Redshift bin Residual systematic
Nd.o.f.bias

0.15 < z < 0.35 1.053472 8
0.35 < z < 0.50 0.443031 10
0.50 < z < 0.65 0.720879 11
0.65 < z < 0.80 0.163307 12
0.80 < z < 0.90 0.118157 13

Joint fit 2.494162 54

Table 6.2: χ2 values from the fits of w̄(θ)dec to w̄(θ)unc from the residual systematic
bias test for MagLim (top table) and redMaGiC (bottom table). These numbers
are not divided by the number of degrees of freedom. To obtain these χ2 values
we use the mean w(θ) of 400 uncontaminated mocks as reference, the mean w(θ)
of 400 ISD-PC<50 decontaminated mocks and the galaxy clustering part of the
unaltered CosmoLike covariance matrix. The fiducial correction method yields
an undercorrection bias that exceeds the limit χ2 > 3, so we marginalise over this
bias to account for it in the final constraints.

parameters or by introducing a modification to the covariance matrix, so these ef-
fects are taken into account as a systematic contribution to the error budget on the
w(θ) measurements and then on the inferred cosmological parameters. The former
approach would require to exhaustively characterise the effect of each contaminant
on the correlation function and to synthesise them in a nuisance parameter or in a
set of them. Moreover, this would mean a significant increase in computation time.
For this reason, we adopt the latter approach, which is an analytical marginalisa-
tion over calibration-type errors [40]. The method is summarised as follows [202]:
let y be an arbitrary data vector. Then, a biased data vector, y′, resulting from the
impact of an additive systematic effect, s, can be expressed as

y′ = y + As , (6.6)

where A is the amplitude of the systematic error. If A has a Gaussian prior of mean
µA = 0 and width σA (which can be determined by external constraints), then it is
possible to analytically marginalise over this parameter in the covariance matrix of
y, that is,

cov(y′,y′) = cov(y,y) + σ2
Ass> . (6.7)

In our case, the biased data vector is the galaxy clustering correlation function from
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the corrected data, w′(θ). We express this as

w′(θ) = w(θ) +
∑
i

Ai∆wi(θ) , (6.8)

where the sum runs over the different systematic terms that we consider and Ai are
arbitrary amplitudes that describe the size of the systematic error in the correction.
These terms are two: wT1D

r. s. bias(θ) and ∆wmethod(θ). The former is none but the
residual systematic bias obtained in Section 6.4, since we determined that it results
in a χ2 > 3. The latter is a term accounts for the systematic uncertainty associated
with the choice of a correction method. We introduce it to account for the difference
between the performance of ISD and ENet when running them on the same set of
SP maps, as PC<50 in our fiducial case, or on equivalent sets. We find that for the
PC<50 maps the difference in the correlation functions recovered by these methods
yields χ2 = 0.93 for MagLim and χ2 = 1.70 for redMaGiC, so none of these
numbers exceeds the limit. However, at preliminary steps of the galaxy clustering
analysis we found some method configurations with differences that exceeded this
limit for redMaGiC, such as ISD-PC107 and ENet-STD107 or ENet-PC107
(χ2 = 6.98 and 3.54, respectively). Since the analytical marginalisation was ready
and to take advantage of the presence of two different methods, we decided to include
this term even if the limit was not exceeded. Therefore, the systematic contribution
to the covariance is dominated by the undercorrection bias term.

To analytically marginalise over these terms, we assume a unit Gaussian prior for
the amplitudes Ai such that the measured systematic effect, that is, wT1D

r. s. bias(θ) and
∆wmethod(θ), is a 1σ deviation from the centre of the prior. We also assume that the
systematic effect can move the amplitude of w(θ) in either direction. Considering
this, the final contribution to the covariance is given by

∆cov(w′, w′) = ∆wmethod(∆wmethod)> + wT1D
r. s. bias(w

T1D
r. s.bias)

> . (6.9)

Since the wT1D
r. s. bias is obtained averaging over 400 mocks, it is a smooth function of θ,

and it can be directly used to modify the covariance matrix. However, ∆wmethod(θ)
is obtained from the data, so it contains the same noise as the measured correlation
function. Therefore there is risk to add this noise to the covariance matrix. In
order to avoid this, we fit a flexible polynomial to the w(θ) measurements from both
correction methods. This polynomial has the form

wpoly. fit(θ) =
+3∑
i=−3

Biθ
i , (6.10)

where Bi are the coefficients that we fit. The results from these fits are shown in
Figure 6.7. The top panels show the residuals of the fit to the ISD-PC<50 data for
each sample. As it can be seen, we find this polynomial to fit very well the clustering
measurements. The bottom panels show the difference between the measured w(θ)
from ISD-PC<50 and ENet-PC<50 (black points) and between the polynomial
fits to these measurements (red line). We find a good matching between data and
polynomials, so we can use them to define a noiseless ∆wmethod(θ), as it is shown by
the red line in Figure 6.7, that we use to modify covariance.
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Figure 6.7: Polynomial fits to the w(θ) measurements from ISD-PC<50 and ENet-
PC<50 [202]. In the top panels we show the residuals from the fits to ISD-PC<50
for MagLim (left panel) and redMaGiC (right panel), according to Equation 6.10.
The bottom panels show the measured difference between methods (black dots) and
the difference between fitted polynomials (red line). The dots shown correspond to
the data points that are not excluded by the scale cuts and that are used for the
calculation of the χ2 values. We obtain very good fits to the measured w(θ) and the
difference between methods is also reproduced well. We use the difference between
polynomials to define a noiseless ∆wmethod(θ).

Finally, we add these systematic terms to the covariance matrix, obtaining the fidu-
cial covariance employed in the DES-Y3 analyses that make use of the galaxy clus-
tering measurements (i.e., galaxy clustering [202], 2×2pt [191, 175, 82] and 3×2pt
[68]). The change in the covariance is shown in Figure 6.8: the yellow error re-
gion corresponds to the diagonal of the unaltered covariance, while the blue ones
contain the systematic terms from the difference between methods and the residual
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systematic bias, added according to Equation 6.9. The contribution from wT1D
r. s.bias

can be calculated only for angles bigger than ∼ 6.9 arcmin due to the resolution of
the log-normal mocks, although the scales employed for the cosmological analyses
(vertical dashed lines) are always above this value. The red line in Figure 6.8 rep-
resents the difference between ENet-PC<50 and ISD-PC<50 weighted w(θ). This
difference is always within the statistical error provided by the unaltered matrix.
The χ2 values present in each panel of this figure correspond to the χ2 from fit-
ting the ENet-PC<50 weighted w(θ) to the ISD-PC<50 weighted one, bin by bin,
according to Equation 6.1. We note that the sum of the χ2 values of each bin is
not equal, because for the joint fit χ2 we also take into account the negligible, yet
non-zero, cross-correlations between bins.

6.6 Impact on parameter estimation
Now we are interested in evaluating the impact of the biases explained in the previous
sections on the estimation of cosmological parameters. To do this, we use three data
vectors:

• the mean correlation function over 400 uncontaminated mocks. This will serve
as our reference;

• the mean correlation function biased by the overcorrection estimate, that is,
the mean w(θ) over 400 uncontaminated mocks that were decontaminated,
according to the definition of the false correction bias test in Section 6.3;

• the mean correlation function biased by the undercorrection estimate, that
is, the mean w(θ) over 400 ENet-STD107 contaminated mocks that were
decontaminated, according to the definition of the residual systematic bias in
Section 6.4.

With this test, we seek to ensure that no significant biases from over- or under-
correction in w(θ) are induced in the estimation of cosmological parameters. The
systematic effects studied in this work (i.e. the observing conditions and astro-
physical sources) have an impact mainly in the detected amplitude of the galaxy
clustering signal. Therefore, in order to better isolate and investigate this impact,
we run galaxy clustering-only chains (see Section 3.5.4) using the w(θ) parts of the
DES-Y3 data vector and covariance matrix. Galaxy clustering amplitude is sensitive
to the the matter density parameter, Ωm, and to the product of galaxy bias, bi, and
the normalisation of the of the matter power spectrum, σ8. For this reason, we fix
the rest of the cosmological parameters to the values that were used to generate
the log-normal mocks (see Table 5.1). Moreover, in order to break the degeneracy
between bi and σ8, we also fix this parameter by means of fixing the the amplitude
of the primordial power spectrum, As. Since we fix most of the cosmological pa-
rameters, leaving free only Ωm and bi, this should not be taken as a true constraint
on Ωm, neither on the data, as we explain in Chapter 7, nor on the mocks, where
we know the input cosmology. This should be considered merely as a robustness
test that illustrates how the different biases in the measured w(θ) translate into
biases in the parameter space. In addition to Ωm and bi, we also marginalise over
bias uncertainties in the photometric redshift distributions through an additive shift
parameter, ∆zi, and over a stretch parameter, σiz, that characterises the uncertainty
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on the width of some redshift bins. Both nuisance parameters are sensitive to the
galaxy clustering amplitude as well and they are defined such that

nig(z)→ nig(z −∆zi) (6.11)

and
nig(z)→ nig(σiz[z − 〈z〉] + 〈z〉) . (6.12)

The priors on ∆zi and σiz are measured and calibrated by means of the cross-
correlation between the DES samples and a spectroscopic sample [50]. The priors
for these nuisance parameters and for the Ωm and bi parameters are shown in Table
6.3 and they are the same that are used in the DES-Y3 3×2pt analysis [68, 202].
We note that, since this validation test relies on mocks, we use the six redshift bins
of MagLim, while for the runs on the data (see Chapter 7) and for the 2×2pt [191]
and the 3×2pt [68] analyses the last two bins are excluded.

MagLim
Redshift bin ∆z σz

0.20 < z < 0.40 (-0.009,0.007) (0.975,0.062)
0.40 < z < 0.55 (-0.035,0.011) (1.306,0.093)
0.55 < z < 0.70 (-0.005,0.006) (0.87,0.054)
0.70 < z < 0.85 (-0.007,0.006) (0.918,0.051)
0.85 < z < 0.95 (0.002, 0.007) (1.08,0.067)
0.95 < z < 1.05 (0.002, 0.008) (0.845,0.073)

redMaGiC
Redshift bin ∆z σz

0.15 < z < 0.35 (0.006,0.004) fixed to 1
0.35 < z < 0.50 (0.001,0.003) fixed to 1
0.50 < z < 0.65 (0.006,0.004) fixed to 1
0.65 < z < 0.80 (-0.002,0.005) fixed to 1
0.80 < z < 0.90 (-0.007,0.010) (1.23,0.054)

Both samples
Ωm bi

All redshifts [0.1,0.9] [0.8,3.0]

Table 6.3: Priors used to constrain Ωm, the sample galaxy biases bi per redshift bin
and the redshift shift, ∆zi, and stretch, σiz, nuisance parameters. Square brackets
denote a flat prior, while parentheses denote a Gaussian prior of the form N (µ, σ).
Note that for redMaGiC the stretch parameter is marginalised over only at its
last redshift bin. The priors on the redshift nuisance parameters are determined
via cross-correlation of the DES lens samples with a spectroscopic sample [50]. We
include the prior values for the last two redshift bins of MagLim, because for the
validation tests we do not discard these bins, contrary to the case of the data.

The covariance matrix employed includes the systematic terms introduced in the
previous section. Even if the errors are larger by the consideration of the systematic
terms, we also note that, since this is just a fit to Ωm and galaxy bias with the rest of
the cosmological parameters fixed, the errors are smaller than in a 3×2pt analysis,
where all cosmological parameters are free. This makes this test more stringent. We
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run these chains using the software CosmoSIS [244] together with the PolyChord
sampling software [108, 109].

The results from this test are shown in Figures 6.9 and 6.10 for MagLim and red-
MaGiC, respectively. As it can be seen, the recovered contours from the false
correction bias (magenta contours) are well in agreement with the reference con-
tours from the uncontaminated mocks (filled black contours) for both galaxy sam-
ples. This demonstrates that the bias on the estimation of cosmological parameters
caused by overcorrection is negligible. Regarding the effect of the residual system-
atics (blue contours), we see that these result in mild levels of undercorrection that
shift the contours slightly in the direction of higher bias and lower Ωm values. This
is so because the dependence of the amplitude of w(θ) with these parameters es-
tablishes an anti-correlation between them. In any case, the resulting contours are
within the statistical uncertainty. In Table 6.4 we present the value of the differ-
ence in the mean of the posteriors of Ωm and bi in units of σ. This σ corresponds
to the standard deviation of the posteriors from the uncontaminated mocks. All
differences are smaller thant 0.5σ. This is remarkable, considering that these 1σ
contours are smaller than those from the 3×2pt analysis, since in our case most
of the cosmological parameters are fixed. This is an indication of the robustness
of our decontamination methodology. We also note that we find that the mean
clustering amplitude from the log-normal mocks is slightly shifted to lower values
compared with the theory prediction with the same input cosmology. This is trans-
lated into a shift in the parameter space with respect to the input values as well.
Nevertheless, this does not affect any of our conclusions from the log-normal mocks,
because this shift is coherent for all types of mocks, that is, uncontaminated and
contaminated/decontaminated, so they are all shifted the same.

After obtaining these results, together with the estimations of the overcorrection
and undercorrection biases, we conclude that our correction methodology does not
impart any significant bias that affects the inference of cosmological parameters.
The only bias that exceeds our χ2 > 3 limit is the residual systematic one and its
effect is properly accounted for as a systematic contribution to the covariance.
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Figure 6.9: Constraints in the Ωm − bi parameter space while fixing the rest of the
cosmological parameters for MagLim. Filled black contours correspond to galaxy
clustering-only chains on the mean w(θ) from 400 uncontaminated mocks (used as
reference). The magenta and blue contours correspond to the mean w(θ) from 400
decontaminated mocks according to the definitions of the false correction and the
residual systematic biases, respectively. Both biases induce negligible shifts with
respect to the reference case relative to the error given by the analytical covariance.
This covariance contains the systematic terms introduced in Section 6.5.
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Figure 6.10: Similar results for redMaGiC. Both the false correction and the resid-
ual systematic biases induce similar behaviours in the Ωm − bi space.
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MagLim
Parameter False correction bias Residual systematic bias

Ωm 0.36 0.08
b1 -0.09 0.43
b2 -0.06 0.40
b3 -0.25 0.12
b4 0.05 0.16
b5 -0.15 -0.02
b6 -0.06 -0.04

redMaGiC
Parameter False correction bias Residual systematic bias

Ωm 0.39 0.31
b1 -0.29 0.50
b2 -0.33 0.11
b3 -0.30 0.27
b4 -0.32 -0.35
b5 -0.19 -0.21

Table 6.4: Relative difference in the Ωm and bi mean of the posteriors in units
of σ for the decontaminated mocks from the false correction bias and the residual
systematic bias tests. All values are below half a σ. Note that the posteriors in this
test are much narrower than in any of the final DES cosmology analyses because all
the other parameters are fixed.
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Chapter 7

Results on galaxy clustering and
cosmological parameters

In this chapter we finally introduce the galaxy clustering measurements on real data
from the DES-Y3 fiducial lens galaxy sample, MagLim, and from the secondary lens
sample, redMaGiC. These data have been corrected from the impact of observing
conditions and astrophysical sources of contamination with ISD-PC<50 weights and
T1D = 2, the final standard adopted by the DES-Y3 analysis after their validation.
The results from the other ISD configuration studied throughout this work, ISD-
STD34, are used as a check of the robustness of our results with respect to the choice
of SP basis. These results are shown in Sections 7.3 and 7.4.

As introduced in Section 1.8.2, the lens galaxy samples are used not only for the
measurement of galaxy clustering [202], but also for weak lensing measurements:
when the positions of the lens galaxies are cross-correlated with the shapes of source
galaxies [103, 169], we obtain the the galaxy-galaxy lensing correlation function,
γt(θ) [193]. Then, combining this correlation function with w(θ) we obtain the 2×2pt
probe [191, 175]. Finally, w(θ) and γt(θ) are combined with 1×2pt measurements
from cosmic-shear, ξ±(θ) [21, 215], to obtain 3×2pt constraints [68]. Therefore, the
work carried out in this thesis is essential not only for galaxy clustering, but it has
also a critical impact on the 2×2pt and 3×2pt constraints obtained with the DES-Y3
data.

7.1 Angular correlation function, w(θ)

Here we present the galaxy clustering measurements on real data from our two lens
galaxy samples, described in Chapter 3. These can be seen in Figure 7.1. These
correlation functions have been calculated by means of the Landy-Szalay estimator
with randoms, according to the DES-Y3 modelling choices described in Section 3.5.2.
The red crosses correspond to the unweighted measurements, while the grey points
represent the clustering of the corrected samples through the methodology described
in Section 5.1. The best-fit cosmology from the 3×2pt analysis is depicted by the
solid black lines and the shaded regions correspond to the angular scales excluded
from the cosmology fits. In the case of MagLim, the last two redshift bins are not
used for the final cosmology constraints [191], since after updating the analytical
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covariance matrix they led to poor fits to the cosmological models considered in
the Y3 3×2pt analysis [68, 191] and because they have the lowest signal-to-noise
(see Appendix D for some comments on this finding from the point of view of
observational systematics). For this reason, these bins appear completely shaded
in Figure 7.1. However, we also show the non-fiducial best-fit model for w(θ) from
3×2pt analysis using the six bins (dashed black line). After applying the scale
cuts at the fiducial redshift bins, the number of entries in the w(θ) data vector
is 43 for MagLim and 54 for redMaGiC. It can be seen how the 3×2pt ΛCDM
cosmology is a good fit to the measurements, after the correcting weights are applied.
Nevertheless, we note a significant deviation at the first redshift bin of redMaGiC
sample. This comes from an inconsistency between clustering and galaxy-galaxy
lensing results in this sample. We cover this in more detail from the point of view
of observational systematics in Section 7.4. Defining the signal-to-noise as [31]

S/N ≡ wdata(θ)C−1wmodel(θ)√
wmodel(θ)C−1wmodel(θ)

, (7.1)

where C is the w(θ) part of the modified CosmoLike covariance and wmodel(θ) is
the best-fit model from 3×2pt, we obtain a S/N of the galaxy clustering detection
of ∼ 63 for both galaxy samples. The χ2 values of the best-fit 3×2pt cosmology
to the w(θ) data are χ2 = 44.01 with 25 degrees of freedom, yielding p-value of
0.011 for MagLim and χ2 = 70.00 with 37 degrees of freedom and p = 0.0008 for
redMaGiC. The first redshift bin of redMaGiC is responsible of the worse χ2

value. To highlight this, if we exclude this bin we obtain χ2 = 54.42 for 31 degrees
of freedom and p = 0.006, although this should be interpreted just as an illustration
of the issue, since the redMaGiC 3×2pt best-fit cosmology has been obtained with
the five redshift bins, which are correlated. We obtain these numbers of degrees of
freedom for each sample as the final number of data points for w(θ) minus the number
of parameters fixed that we consider: six free cosmological parameters within the
flat ΛCDM model (see next section) and 12 nuisance parameters for MagLim and
15 for redMaGiC, which have impact on the clustering signal. These parameters
correspond to galaxy bias, bi, and the photometric redshift uncertainty parameters
∆zi and σiz introduced in Section 6.6. In any case, we remark that these p-values
are merely a lower bound of the actual goodness-of-fit values, because the effective
number of free parameter is smaller, due to the existing correlations between them
(see Section 7.3) and the effects of the priors [196]. For example, it was found
in the cosmic-shear analysis [215] that the effective number of parameters is five.
A smaller number of effective parameters results in a larger number of degrees of
freedom, thus improving the p-value obtained. However, obtaining the effective
number of parameters is beyond the scope of this work, so, as mentioned before, we
provide these p-values as a lower bound of the real goodness-of-fit.

As can be seen, the impact of the systematic correction, that is, the difference
between uncorrected and corrected measurements, is significantly larger than the
statistical error (given by the modified CosmoLike covariance matrix), especially
at the highest redshift bins. This is in agreement with what was anticipated during
the validation process with log-normal mocks. This evidences the relevance of the
systematic decontamination. In addition, we observe an increase in the magnitude
of the systematic correction compared to the clustering results from DES-Y1 [81].
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7.2 DES-Y3 galaxy clustering and 3×2pt
The w(θ) measurement shown in the previous section enters as part of the 3×2pt
data vector used for cosmological inference as shown in Section 3.5.4, for both the
MagLim and redMaGiC samples. The total data vector includes measurements
from all fiducial redshift bins of each lens sample and from the four source redshift
bins. Then, these data vectors are used to estimate the value of different cosmological
parameters. For this purpose, the modelling choices described in Section 3.5 are
followed to generate theory predictions and the likelihood is sampled by means
of the CosmoSIS software and the PolyChord sampler as described in Section
3.5.4. The covariance matrix employed is the CosmoLike analytical covariance
introduced in Section 3.5.3 with the systematic terms described in Section 6.5. Two
cosmological models are fitted [68]: flat ΛCDM (so ΩΛ = 1 − Ωm) and wCDM.
The former considers six free cosmological parameters: Ωm, Ωb, Ωνh

2 (with Ων the
massive neutrino density parameter), h, As and ns. On the other hand, the latter
considers the same six parameters plus the dark energy equation of state parameter,
w (fixed to w = −1 for ΛCDM). Furthermore, 25 free parameters are considered,
which account for astrophysical and systematic effects on the measurements. As
mentioned before, the last two redshift bins of the MagLim sample are excluded
from the fits. In addition, before performing the fit of the theory predictions to the
measurements, the angular scales below the scale cut values for the lens samples (see
Tables 3.2 and 3.3) and for the source sample [215] are excluded, leaving 462 entries
in the data vector finally. This is done to control the impact of unmodeled non-
linear effects, such as baryonic effects on the matter power spectrum or non-linear
bias effects at small scales.

In Figure 7.2 we show the fiducial, i.e. using MagLim, DES-Y3 constraints [68] on
the Ωm − σ8/S8 parameter space under the flat ΛCDM model, where S8 is given by
Equation 2.47. Galaxy clustering contributes to these results through the combi-
nation of w(θ) with γt(θ), providing the 2×2pt constraints (orange contours), and
through the combination of the three correlation functions, yielding the 3×2pt re-
sults (solid and dashed black lines). The cosmic-shear only constraints are also
shown (blue contours). The contours in this and the rest of the figures in this chap-
ter show the 68% and 95% confidence levels. When shown, the 1D marginalised
constraints are are represented with the 68% confidence region. Before combining
the three probes, it is verified that they are mutually consistent [68]. The compar-
ison of the 2×2pt probe against cosmic-shear is particularly interesting, since they
are sensitive to the underlying density field in different ways, therefore containing
independent information, which provides a mean to check the internal consistency
of the results and also breaks parameter degeneracies. The fiducial DES-Y3 3×2pt
constraints obtained for these cosmological parameters are:

Ωm = 0.339+0.032
−0.031 ,

σ8 = 0.733+0.039
−0.049 ,

S8 = 0.776+0.017
−0.017 .
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Figure 7.2: Marginalised DES-Y3 fiducial constraints on Ωm, σ8 and S8 in the ΛCDM
model from the MagLim sample [68]. We show results from cosmic-shear, ξ±(θ)
(blue contours), from 2×2pt, that is, w(θ)+γt(θ) (orange contours) and from 3×2pt
(solid black contours). Results from a ΛCDM-optimised analysis (using smaller
scales in cosmic-shear) are also shown (dashed black contours). The 3×2pt contours
in these parameter spaces are not centered on the overlap of the individual ξ±(θ)
and 2×2pt probes due to degeneracies in the higher dimensional parameter space.

The values reported here correspond to the mean of the parameter posterior dis-
tributions and the 68% confidence limit (CL) around the mean [68]. We report
the mean value since it is a robust measure against the degeneracies and projection
effects present in the parameter space that can yield seemingly different parameter
values that correspond to close likelihood values. We focus on these parameters be-
cause 2×2pt is more sensitive to the total matter density, Ωm, while cosmic-shear is
more sensitive to the RMS amplitude of mass fluctuations at low redshift Universe,
σ8. However, the lensing and clustering amplitudes depend on both parameters,
so a degeneracy is established between them (in the case of galaxy clustering, its
amplitude also depends on the galaxy bias, while cosmic-shear has no dependence
with that parameter). For this reason, we also determine the S8 parameter, which
helps break partly the degeneracy between Ωm and σ8 [125] (as it can be seen in the
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lower panel of Figure 7.2) and is the quantity best constrained by 3×2pt [67, 68].
The DES-Y3 3×2pt probe measurement has a S/N = 83, which represents a factor
of 2.1 improvement with respect to the Y1 measurement. This number is obtained
according to Equation 7.1, using this time the 3×2pt data vector and model predic-
tion and the full covariance matrix. The best-fit χ2 value to flat ΛCDM is 517.98
with 431 degrees of freedom (462 − 31), which yields a p-value of 0.003. However,
we note that both the cosmological and nuisance parameters considered for the fits
show high levels of correlation and are also prior dominated, so the effective num-
ber of free parameters is smaller [196]. This results in higher p-values. Instead of
calculating the goodness-of-fit p-value from the χ2 value and the number of degrees
of freedom, the DES-Y3 3×2pt analysis uses the posterior predictive distribution
(PPD) [72] from which a calibrated probability-to-exceed, p, is derived. Under this
standard, the goodness-of-fit p obtained for ΛCDM is 0.04 (the DES-Y3 internal
consistency limit is p < 0.01).

In Figure 7.3 we compare the 3×2pt constraints on Ωm − S8 from MagLim (solid
black contour) with those from redMaGiC (dashed and dotted black contours).
The results from cosmic-shear (dashed blue contour) and 2×2pt (dashed orange
contour) are shown as well. As it can be seen clearly, the 2×2pt and cosmic-shear
results show a significant inconsistency for redMaGiC, contrary to what happens
with MagLim (see Figure 7.2). This is due to an inconsistency between the am-
plitudes of galaxy clustering and galaxy-galaxy lensing correlation functions. In
DES-Y3 this has been modeled with a systematic parameter named Xlens and its
value has been found to be Xlens = 0.877+0.026

−0.019 [68]. This value is significantly incon-
sistent with the expected value Xlens = 1 in ΛCDM cosmology. Several explanations
have been proposed, from some considering new physics [68], which are believed
to be less likely, to different sources of systematics [202, 82, 175]. Investigations
in this topic are still ongoing. From the observational systematics point of view,
this issue motivated further investigations beyond the baseline ones, resulting in the
improvement or development of the some validation tests described in Chapter 6.
In Section 7.4 we describe some additional tests on this topic. These tests together
with those from weights validation process lead us to the conclusion that there is no
evidence of the redMaGiC issue being caused by contamination from any of our
known SP maps [202]. Similar conclusions are obtained for the last two redshift bins
of MagLim, which also yield a Xlens < 1 and are removed to be conservative. At its
remaining four bins, there is no indication of Xlens parameter significantly different
from 1.

All tests indicate that the 3×2pt ΛCDM results obtained from the fiducial lens
sample, MagLim at its first four bins, are consistent and robust [68]. Moreover,
even in the presence of the redMaGiC issue with its 2×2pt observable, the 3×2pt
results from this sample with both free (dotted black contour in Figure 7.3) and
fixed Xlens parameter are also consistent with those provided by MagLim, as can be
seen on Figure 7.3. Therefore, this yet unknown systematic effect has no significant
impact on the ΛCDM cosmology when performing the combined probe analysis.
This is a consequence of the self-calibration of potential systematics capability of
combining the three different probes, w(θ), γt(θ) and ξ±(θ), of the same underlying
matter density field into the 3×2pt probe, which probes it a resilient observable and
a valuable probe of the large-scale structure of the Universe.
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Figure 7.3: Marginalised DES-Y3 3×2pt constraints in ΛCDM from MagLim (solid
black contour) and redMaGiC (dashed and dotted contours) [68]. Dashed contours
correspond to cosmic-shear (blue), 2×2pt (orange) and 3×2pt with fixed Xlens =
0.877 (black). The dotted contour correspond to the 3×2pt constraints with free
Xlens. In all cases, and despite the value of Xlens significantly different from 1, the
inferred cosmological parameters are consistent for the three 3×2pt cases.

The DES-Y3 analysis also provides fits to the wCDM model, which does not as-
sume a dark energy equation of state w = −1. In this case, the equation of state
parameter is allowed to take values −2 < w < −1/3, so the accelerated expansion is
ensured (w < −1/3) and phantom dark energy models (w < −1) are also allowed.
The fiducial 3×2pt results for this cosmological model are shown in Figure 7.4 and
the parameter constraints obtained for the matter density, the equation of state
parameter and the amplitude of the matter density fluctuations are:

Ωm = 0.352+0.035
−0.041 ,

w = −0.98+0.32
−0.20 ,

S8 = 0.775+0.026
−0.024 .

All tests indicate that the wCDM results from MagLim are robust, similar to the
ΛCDM ones. In order to determine whether the data has a preference for wCDM
cosmology over ΛCDM, the Bayes factor,

R =
P (D̂|ΛCDM)

P (D̂|wCDM)
, (7.2)

is computed. The result obtained is R = 4.3, i.e. bigger than 1, showing that low
redshift Universe has no preference for a form of dark energy with w 6= −1 [68]. We
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Figure 7.4: Marginalised DES-Y3 3×2pt constraints on Ωm and w parameters in the
wCDM model from the MagLim sample [68]. The dotted line corresponds to the
equation of state parameter for a cosmological constant, Λ.

focus on wCDM results for MagLim only, because the wCDM 3×2pt constraint on
w with the redMaGiC sample is sensitive to the Xlens parameter mentioned before,
since it shows correlation with it, introducing shifts in the parameter contours [68].

DES 3×2pt results correspond to low-redshift measurements that probe the late
Universe. Then, one of the most stringent tests of the standard cosmological model
consists on comparing this kind of observations with the predictions that ΛCDM
does for the state of the structures on the Universe at the present time since the
recombination epoch. This way, the CMB results serve as an anchor or a reference
with which compare the ΛCDM predictions if we go back in time. If the predictions
from the ΛCDM model do not match significantly the observations at low redshift,
then it would not provide a complete description of the evolution of the Universe.
In addition, the large volumes observed by surveys as DES shed light on the nature
of dark energy by determining the evolution of matter perturbations and the growth
of structures over time and, for example, verifying whether w = −1 or not. In this
regard, there seems to be a trend of several low-redshift surveys [67, 113, 22, 231] to
prefer slightly lower values of matter density and or amplitude of matter fluctuations
than those given by CMB experiments, such as Planck [187]. In some cases, these
differences have been reported at 2 − 3σ level. Other low redshift probes, such as
spectroscopic galaxy clustering [230], redshift-space distortions (RSD) [13] and the
abundance of galaxy clusters [157, 8] also appear to prefer lower S8 values than the
CMB, always assuming ΛCDM. A comparison of these results with the DES-Y3
3×2pt and cosmic-shear measurements can be seen in Figure 7.5. These external
data have not been re-analysed within a consistent model and prior space, so this
should not be taken as a direct and rigorous comparison [68].
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Figure 7.5: Constrains on Ωm and S8 obtained by different lensing experiments,
including the DES-Y3 3×2pt and cosmic-shear results [68], compared with those
from Planck [187]. Although the external data have not been re-analysed within a
consistent model and prior space, we note that there is a trend of the low-redshift
experiments to infer lower S8 values than that from CMB measurements.

In the left panel of Figure 7.6, we show the comparison of the constraints obtained
from DES-Y3 3×2pt (black contours) with those from Planck [187] (green contours)
for both ΛCDM and wCDM models. The parameter difference within the ΛCDM
model found between these late and early Universe probes is 1.5σ in the cosmological
model space, with a probability-of-exceed [146], p, of 0.13 [68]. Therefore, no signif-
icant (defined as p < 0.01) evidence of disagreement between DES low-redshift and
Planck CMB measurements is found. These results are in better agreement than
the same obtained with the DES-Y1 analysis [67], even if both experiments have
substantially increased their precision. The compatibility of these results makes it
possible to combine them, which is also shown in the figure (orange contours). Then,
from this comparison we find no significant evidence that compromises the validity
of ΛCDM model, although it is true that DES results also show a mild preference
for lower Ωm and σ8/S8 values than from CMB. Nevertheless, there are potential
systematics discovered along the DES-Y3 analysis, as was mentioned above, that
are not completely associated with a specific source yet. Although there is evidence
that they do not affect the cosmological results and therefore these comparisons, they
should be carefully taken into account before making any claim about consistency
or inconsistency between this kind of probes under the ΛCDM model.

Finally, in order to obtain tighter constraints on the cosmological parameters, the
fiducial 3×2pt measurements are combined with three similarly constraining and
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Figure 7.6: Left panel : Comparison of the DES-Y3 fiducial 3×2pt constraints in the
ΛCDM model [68] (solid black contours) with predictions from Planck CMB mea-
surements [187] (green contours). The Planck results do not include CMB lensing.
After ensuring their consistency, both measurements are used to provide combined
results (orange contours) in this parameter space. Right panel : Marginalised con-
straints from different cosmological probes in the ΛCDM model for Ωm, As and S8

[68]. We show contours from DES-Y3 3×2pt (solid black), Planck CMB with no lens-
ing (green) and SNe Ia, BAO and RSD external low redshift data (orange). Finally,
the contours from the combination of DES-Y3 3×2pt with the external low redshift
data (purple) and from the combination of all data sets described (blue) are shown
as well. This provides the most precise constraints to date on these cosmological
parameters.

highly complementary cosmological probes for the late Universe. This provides ad-
ditional information and helps to constrain systematic effects by probing the growth
of structures and geometry of the Universe in fundamentally different ways. The
complementary probes used are external data of Type Ia supernovae from the Pan-
theon sample [214] and constraints from SDSS measurements of BAO and RSD in
eBOSS DR16 1. SNe Ia, BAO and RSD set better constraints on Ωm and w, while
DES 3×2pt does on As or σ8 (which are correlated). CMB also provides tight con-

1https://svn.sdss.org/public/data/eboss/DR16cosmo/tags/v1_0_0/likelihoods/

162

https://svn.sdss.org/public/data/eboss/DR16cosmo/tags/v1_0_0/likelihoods/


7.2. DES-Y3 galaxy clustering and 3×2pt

Ωm

0.70

0.75

0.80

0.85

0.90

0.95

1.00

1.05

S
8

Fid. 3×2pt

Planck CMB

Ext. SNe+BAO+RSD

3×2pt+Ext. SNe+BAO+RSD

3×2pt + All Ext.

0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60
Ωm

−2.0

−1.8

−1.6

−1.4

−1.2

−1.0

−0.8

−0.6

−0.4

w

wCDM

Figure 7.7: Marginalised constraints from different cosmological probes in the
wCDM model for Ωm, S8 and w [68]. We show contours from DES-Y3 3×2pt (solid
black), Planck CMB with no lensing (green) and SNe Ia, BAO and RSD external
low redshift data (orange). Finally, the contours from the combination of DES-Y3
3×2pt with the external low redshift data (purple) and from the combination of
all data sets described (blue) are shown as well. This provides the most precise
constraints to date on these cosmological parameters.

straints on Ωm and As or σ8. This helps to obtain better constraints on Ωm and
w by breaking the degeneracy between correlated parameters. After ensuring the
compatibility of these data sets [68], they can be combined. These results are shown
in the right panel of Figure 7.6 for ΛCDM and in Figure 7.7 for wCDM, and the
values obtained are

Ωm = 0.306+0.004
−0.005 ,

σ8 = 0.804+0.008
−0.008 ,

S8 = 0.812+0.008
−0.008 ,
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in the ΛCDM model, and

Ωm = 0.302+0.006
−0.006 ,

w = −1.031+0.030
−0.027 ,

S8 = 0.812+0.008
−0.008 ,

in the wCDM model. These results provide the most precise constraints to date on
these cosmological parameters, and therefore in our understanding of whether the
Universe follows the ΛCDM or the wCDM model. Combining all these probes make
it possible to set constraints on ns, As, σ8, S8, Ωm, Ωb, h and w between 1% and 3%
in both ΛCDM and wCDM. Under this standard of combining probes, the Bayes
factor (see Equation 7.2) obtained is R = 7.8, so the combined analysis of all probes
considered has no preference for wCDM over ΛCDM. These results represent the
most powerful and precise test of the standard cosmological model, ΛCDM, and of
wCDM to date.

The analysis performed in this thesis and the results derived from it, from the
characterisation and mitigation of observational systematic contamination to the
measurement of the galaxy clustering angular correlation function, have been an
essential input to obtain the unprecedented results introduced in this chapter, being
the other two the cosmic-shear and the galaxy-galaxy lensing measurements. More-
over, we have also contributed to the final covariance employed for the DES-Y3
3×2pt cosmology constraints, by providing the necessary systematic terms to the
w(θ) part of the covariance.

7.3 Impact of systematics on cosmological parame-
ter estimation

In order to demonstrate the importance of the correction applied to the data, we
obtain constraints on Ωm and galaxy bias by running galaxy clustering-only chains.
Similar to the validation test described in Chapter 6, we do this by means of Cos-
moSIS and the PolyChord sampler. We leave Ωm and bi parameters free and we
marginalise over the shift, ∆zi, and width, σiz, of the photometric redshift distri-
butions as well. The rest of the cosmological parameters are fixed to the DES-Y3
best-fit cosmology of each sample. These values are given in Table 7.1. The priors
applied are the same as in the case of the chains on log-normal mocks, and can
be seen in Table 6.3. This time, since these chains are run on real data, we only
perform fits on the first four redshift bins of MagLim, as it is done in the 2×2pt
[191] and 3×2pt [68] analyses. Again, we note that since most of the cosmological
parameters are fixed, this should not be considered a real constraint on Ωm, but as
an illustration of how the impact of the systematic contamination on w(θ) can bias
the estimation of cosmological parameters in an analysis that uses galaxy clustering
measurements.

In Figures 7.8 and 7.9 we present these results. As it can be seen, not considering
any correction to the data (red contours) leads to a significant biases in the inferred
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Parameter MagLim redMaGiC
Ωb 0.031 0.037
Ωk 0.0 0.0

Ων · h2 0.0054 0.0049
h0 0.63 0.59
ns 0.89 1.04
As 1.73 · 10−9 2.37 · 10−9

w -1.0 -1.0
wa 0.0 0.0

# of massive ν species 3 3
# of massless ν species 0.046 0.046

τ 0.0697 0.0697

Table 7.1: DES-Y3 3×2pt best-fit cosmological parameters employed to obtain
galaxy clustering-only constraints in Ωm and galaxy bias for each galaxy sample.

Ωm and bi values relative to the fiducial ISD-PC<50 decontaminated data (filled
blue contours). To further prove the robustness of our results with respect to the
choice of SP maps, we also show contours obtained for the ISD-STD34 weighted
data (orange contours). The contours recovered by both sets of weights are equiva-
lent for both galaxy samples, with their difference well within the statistical error,
demonstrating that the results are consistent between the two SP bases. Taking
the ISD-PC<50 weighted data as reference, we find a difference between the mean
of their Ωm posterior and that from the uncorrected data of 4.03σ for MagLim
and 6.79σ for redMaGiC, where σ is the standard deviation of the reference Ωm

posterior distribution. Even so, we note that the significance of this shifts is overesti-
mated, because the rest of the cosmological parameters are fixed, so the uncertainties
are underestimated.

It is interesting to observe that the shifts in bi at some redshift bins, such as the
third bin of the MagLim sample, are significant, while the corresponding systematic
impact in w(θ) is not that relevant. This happens because the galaxy bias values
are correlated with Ωm. Since a single value of Ωm is obtained by jointly fitting all
redshift bins, this establishes a correlation between the bias values of the different
bins. Therefore, the Ωm− bi values fitted at a given redshift bin i have an impact on
the fitted galaxy bias at bin j, bj. An example of this is the third bin of MagLim.
Looking at Figure 7.1, it can be seen how the impact of systematic effects at this
bin is small compared to the fourth bin. However, the contours for the third bin
show a difference between uncorrected and corrected data larger than that expected
from the change in w(θ). The reason for this is the correlation between galaxy bias
values at the different bins established by Ωm. To better illustrate this, we run two
additional chains: one excluding the fourth bin and another one excluding all bins
but the third one. This is presented in Figure 7.10. When fitting the first three
bins (left panel), we see how the contours increase, since fitting fewer bins reduces
the constraining power, but at the same time the contaminated contour gets closer
to the decontaminated one. If we now go to the most extreme case, where we only
fit the third bin (right panel), we see that the contours increase more their sizes, as
expected, and that the contaminated contour gets even closer to the decontaminated
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one. This last situation seems more representative of what the isolated third bin
in w(θ) suggests. Galaxy clustering amplitude is proportional to Ωm, bi and σ8, so
fixing only the last one in these chains sets a degeneracy between the other two
parameters. The right panel of Figure 7.10 shows the degeneracy between Ωm and
b3 (this happens for all redshift bins). As we increase back the number of bins fitted,
the constraint on Ωm gets tighter, so a particular value of bias is picked out for each
bin. In the case of the contaminated data, the correlation between biases at each
bin makes the fourth bin to pull up the bias values at the other bins, as if these bins
had a larger systematic impact.
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Figure 7.8: Constraints on Ωm and galaxy bias, bi, before and after applying weights
from the ISD methodology to the MagLim sample. Red contours correspond to the
uncorrected data and filled blue contours represent the ISD-PC<50 weighted data.
Orange contours correspond to the ISD-STD34 weighted sample and we show it as
a proof of robustness against choice of SP basis.

166



7.3. Impact of systematics on cosmological parameter estimation

0.24 0.26 0.28 0.30 0.32 0.34 0.36 0.38
m

1.6

1.7

1.8

1.9

2.0

2.1

2.2

2.3

2.4
b1

redMaGiC

No weights
ISD-PC<50 weights
ISD-STD34 weights

0.24 0.26 0.28 0.30 0.32 0.34 0.36 0.38
m

1.6

1.7

1.8

1.9

2.0

2.1

2.2

2.3

2.4

b2

redMaGiC

No weights
ISD-PC<50 weights
ISD-STD34 weights

0.24 0.26 0.28 0.30 0.32 0.34 0.36 0.38
m

1.8

1.9

2.0

2.1

2.2

2.3

2.4

b3

redMaGiC

No weights
ISD-PC<50 weights
ISD-STD34 weights

0.24 0.26 0.28 0.30 0.32 0.34 0.36 0.38
m

2.0

2.1

2.2

2.3

2.4

2.5

2.6

2.7

b4
redMaGiC

No weights
ISD-PC<50 weights
ISD-STD34 weights

0.24 0.26 0.28 0.30 0.32 0.34 0.36 0.38
m

2.1

2.2

2.3

2.4

2.5

2.6

2.7

2.8

2.9

3.0

b5

redMaGiC

No weights
ISD-PC<50 weights
ISD-STD34 weights

Figure 7.9: Constraints on Ωm and galaxy bias, bi, before and after applying weights
from the ISD methodology to the redMaGiC sample. Red contours correspond to
the uncorrected data and filled blue contours represent the ISD-PC<50 weighted
data. Orange contours correspond to the ISD-STD34 weighted sample and we show
it as a proof of robustness against choice of SP basis.
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Figure 7.10: Constraints on Ωm and b3 fitting the first three bins (left panel) and
only the third bin (right panel). The difference between uncorrected and corrected
w(θ) (see Figure 7.1) suggests that the contours from uncorrected data (red con-
tours) should be closer to the decontaminated ones (filled blue contours). As we
exclude bins from the fit, we see that we recover this behaviour, indicating that
the correlation between Ωm and galaxy bias together with tighter contours from
increasing the number of bins is responsible of this effect.

7.4 Additional robustness tests of the systematics
decontamination

After unblinding the data set for the redMaGiC sample, subsequent robustness
checks in the 3×2pt analysis led to encountering an inconsistency between the cor-
rected clustering and the inferred clustering from weak lensing measurements, find-
ing that the measured clustering signal is higher than expected. This translates
into a decorrelation of the galaxy bias measured by w(θ) and γt(θ), and it man-
ifests on the inconsistency between the 2×2pt and cosmic-shear constraints seen
on Figure 7.3. We proceeded to perform a series of additional robustness tests on
the correction methodology, to ensure that this process was not the culprit of said
inconsistency. An excess clustering in the w(θ) result could be coming from the
presence of an unknown (and uncorrected) systematic effect inducing this excess
power. The development and execution of these additional tests led us to recognize
their importance as core robustness tests, that we added as part of the fiducial core
tests of the correction procedure.

In the following subsections we demonstrate that indeed the correction methodol-
ogy is not responsible for this effect, the inconsistency’s origin therefore remaining
unknown. We focus on the redMaGiC sample, especially at its first redshift bin,
since is the one where the issue is more evident (see Figure 7.1). Nevertheless, all
our decisions have been evaluated at the other bins, which can be seen in Appendix
D, and in the MagLim sample before its unblinding as well. Even if the following
tests are conducted after unblinding of the redMaGiC data set, in order to take
our decisions as unbiased as possible and to continue with the blinding spirit, we
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do not base any of these tests or decisions on any kind of contour or cosmology fit,
focusing only on the amplitude of w(θ) and on the biases measured on mocks. The
MagLim sample remained blinded while conducting these tests.

7.4.1 ISD-STD103 weights

Throughout this work we have presented results from the ISD-STD34 configura-
tion, although this is not our fiducial decontamination. The reason for this, as we
explained in Chapters 4 and 5, is that we want to avoid the possibility of having low
significance contamination spread across several STD maps that could be undetected
by the marginal 1D relations and still have a significant impact on the data. That
would lead to undercorrection. Even if there is no low significance contamination
spread across STD maps, this problem could still arise if the list of representative
STD maps does not represent well enough the full list of maps. Keep in mind that
this was done for optimising the processes by excluding beforehand STD maps that
we know that are very correlated between them. In order to check this, we run ISD
on the full list of STD maps. We note that, by construction, when running with
STD maps the magauto_depth maps are not used, because neither of our galaxy
samples is based on this photometry, so instead of 107 STD maps, we have 103.
Thus, we name these weights ISD-STD103.

In Figure 7.11 we show the galaxy clustering results obtained for both galaxy sam-
ples after applying the ISD-STD103 weights. It can be seen how the resulting
w(θ) (dashed purple line and circles) does not significantly differ from the fidu-
cial results. We also depict the correlation function recovered after applying the
ISD-STD34 weights (dashed orange line and circles). This configuration, which we
have presented across this work, shows a remarkable agreement not only with the
ISD-STD103 weights, but also with the fiducial correcting weights, ISD-PC<50.
Therefore, we conclude that the 34 representative STD maps summarise properly
the properties of the full list of STD maps, since expanding the list does not provide
significant additional decontamination. We also note that the ISD-STD34 configu-
ration is the fiducial one for the analyses made with the DES-Y3 BAO sample [47],
for which it passes an equivalent validation process, with successful results.

The next step is to check whether there could be a combination of STD maps that
lead to a large systematic contribution while the individual maps are flagged as non
significant. To inspect this, we use the PC maps.

7.4.2 ISD-PC107 weights

As we explain in Chapters 4 and 5, one of the motivations to use the PC basis
was the possibility of having low significance contamination spread across several
STD maps that could be undetected by the marginal 1D relations and still have a
significant impact on the data. Our fiducial configuration is to use the 50 first PC
maps. Before this decision was finally made, we tried also using the full list of 107
PC maps. Since the amount of variance that each PC map explains reduces rapidly
with increasing PC number, the addition of more components to the decontamina-
tion process would be expected to only result in higher computation times without
providing much more information. One reason to consider the full list of maps would
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Figure 7.11: Comparison of the recovered w(θ) at the first redshift bin of red-
MaGiC (top panel) and of MagLim (bottom panel) after applying weights from
different methods and configurations. Solid red line corresponds to the unweighted
data. It can be seen how all methods but ISD-PC107 yield compatible results, while
none of them reproduces the w(θ) predictions given by cosmic-shear and galaxy-
galaxy lensing (solid black line) and by 3×2pt (dashed black line). This is shown
only for redMaGiC. ISD-PC107 reduces significantly the amplitude, but it is due
to overcorrection. NN-weights have not been obtained for MagLim.
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be to discard non-linearities that could be not captured by the n first PC maps, since
PCA assumes linear correlations between variables. In Chapter 4 we saw that this
could be partially discarded by looking at the Spearman’s correlation coefficient,
which only assumes a correlation described by a monotonic function. Nevertheless,
it is worth it revisiting the choice of number of principal component maps from the
perspective of the clustering issue with redMaGiC.

We run ISD on the full list of 107 PC maps, obtaining the so called ISD-PC107
weights that we apply to the data. Looking at Figure 7.11, these weights (magenta
dashed line and circles) yield a significant reduction of the clustering amplitude at
the the first redshift bin of both lens samples, especially of redMaGiC. This could
be an indication of some missing contamination that is not detected in the STD basis
and that is contained on the 57 highest PC maps. We find equivalent results on the
data with ENet-PC107 and ENet-STD107 weights. This could be the reason
behind the anomalous behaviour of redMaGiC. However, when evaluating this
configuration on contaminated mocks, we find significant levels of overcorrection at
this redshift bin, indicating that most of the additional correction seen in Figure 7.11
is actually overcorrection. Interestingly, we find this overcorrection to be stronger
when running ISD-PC107 on ENet contaminated mocks than on uncontaminated
mocks. We illustrate this in Figure 7.12. It can be seen how the ISD configuration
that uses the full list of PC maps yields a significant overcorrection in both samples.
We note that the correlation functions shown for MagLim correspond to the mean
of only 100 mock realisations of each kind instead of 400, but we have ensured that
these results remain stable at these values with increasing number of mocks. The
effect on the rest of the redshift bins can be found in Appendix D.

These results suggest that there is a higher likelihood of chance correlations when
working in the PC basis than in the STD one. This causes the removal of actual
LSS by the ISD-PC107 weights. The fact that the overcorrection is more significant
when working with ENet contaminated mocks than with the uncontaminated ones
has two possible explanations that are yet under investigation: either it is just a
matter of more chance correlations or there is some kind of large-scale structure
contamination (LSS contamination for short) in some SP maps.

LSS contamination on the SP maps

The second possible situation mentioned above would arise at the moment of the
creation of the SP maps: if actual LSS on the sky modifies the value of the SP
map at that position, some fraction of cosmological signal would be imprinted in
the SP map. For example, a bright cluster of galaxies at relatively low redshift
could imprint its brightness into the sky brightness maps, skybrite. This effect
would be absorbed by the PC maps as well. Then, when later correlating these
maps with the data, two different correlations would be found at different levels:
the correlation between the systematic effect and its real signature on the data and
the correlation between the actual LSS in the data with LSS that has contaminated
the SP map. This can be seen as an enhanced chance correlation. Therefore, if
a contaminated SP map is flagged as significant, the correction method removes
not only systematic signal, but also a fraction of the cosmological one. A similar
situation can take place with the ENet contaminated mocks: even if they are
independent realisations, they are drawn from a power spectrum that is designed
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Figure 7.12: Comparison of the recovered w(θ) after applying ISD-PC107 (purple
line) and ISD-PC<50 (blue line) weights to ENet-STD107 contaminated mocks
(red line). It can be seen how the weights from the full list of PC maps lead to
overcorrection, compared with the uncontaminated mocks (black line). We note
that the average correlation functions for MagLim have been obtained from 100
mocks instead of 400, but the results remain stable with this number.
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to match the real one, so the data is nothing but another realisation. If some LSS
from the data goes into the SP maps, then that structure will be imprinted in the
contaminated mocks. If the underlying power spectrum of both the data and the
mocks is the same, then chances of partial alignments between mock LSS and SP
LSS from the data are higher. Thus, when running a decontamination method it will
find correlations between the contaminated mocks and the SP maps, as expected,
but when correcting them, the method will remove not only the systematic signal,
which includes the LSS from the data, but it will also remove the fraction of mock
LSS that is aligned with the LSS in the SP map from the data. This, when averaged
over many realisations, would result in the observed overcorrection. Moreover, this
would also explain the lower level of overcorrection seen on uncontaminated mocks,
because what triggers the necessity of correcting either the contaminated mocks or
the data is the actual systematic signal present on them while the overcorrection
would be a side effect. Since the uncontaminated mocks only contain actual LSS,
chance correlations with the SP LSS are still higher, but not dominant enough to
create the same effect as in the case of the contaminated mocks.

Cross-correlations with the κ map

In order to further investigate the correlation between real LSS with the weight
maps, we calculate their cross-correlation with the convergence, κ, maps [128]. If
these maps have been properly corrected from systematic effects, there should be
no correlation between the κ maps and the weight maps or the SP maps. We
cross-correlate with the κ map for the third redshift bin of the source sample, since
this bin has large overlap between its lensing kernel the lens sample. These results
are shown in Figure 7.13, where it is clear that the ISD-PC107 weights present
an undesired correlation with the κ map. This is an additional indication of the
removal of real cosmological signal by these weights. The leakage of LSS on these
weights can be caused by the reasons presented above: either by chance correlations
or by real LSS going into the high PC maps. We have tried to isolate PC and STD
maps as responsible of this effect by cross-correlating them individually with κ, but
we do not identify clearly an individual map or family of them as the cause of the
excess correlation. Investigations in this regard are still ongoing and are beyond the
scope of this work. The ISD-PC<50 and ISD-STD34 maps, on the contrary, show
no significant correlation with the convergence map, as expected. The error bars in
this figure are estimated using jackknife with 150 patches of the sky.

Number of PC maps

As an attempt to constrain the number of problematic PC maps, we obtain ISD
weights using all PC maps until a given component n, that is, ISD-PC<n weights.
These results are shown in Figure 7.14. We find that the ISD-PC<n weights with
n between 20 and 60 yield clustering amplitudes that converge to similar values.
For n > 60, the amplitude drops abruptly to lower values, in the direction of the
overcorrecting ISD-PC107 weights. Given the large amount of variance contained
by the PC<50 maps, ∼ 98%, and the convergence to similar w(θ) amplitudes us-
ing values of n around 50 motivates the choice of this cut-off as the fiducial one.
Moreover, given that we have only determined that the problematic PC maps are
components higher than ∼ 60, without further precision, this cut-off represents a
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Figure 7.13: Cross-correlation of the ISD-PC<50 (blue points), ISD-STD34 (orange
points) and ISD-PC107 (magenta points) weight maps with the convergence, κ, map
from the third redshift bin of the source galaxy sample. It can be seen how the ISD-
PC107 weights produce a significant correlation with the κ map due to the removal
of real structure from the data.

balance between considering too many PC maps, with the risk of overcorrecting,
and too few, so we risk not accounting for enough contaminants.

7.4.3 Alternative methods and other checks

Finally, in Figure 7.11 we also show the results from running ENet-PC<50 (dashed
grey line and triangles) and the NN-weights (dashed pale blue line and squares)
described in Chapter 5. The ENet weights provide a clustering signal that is
compatible with that given by the fiducial ISD-PC<50 weights. As we explained in
Chapter 6, this difference is used as a systematic term added to the final covariance
matrix. The NN-weights enable us to test the assumption of linearity between
galaxy number density and SP map values, since this method does not assume this
condition. If the excess clustering in redMaGiC is caused by nonlinear functions
of the SP maps, we expect this effect to be captured by the NN-weights. We find
small changes on w(θ) that do not explain the anomalous clustering signal. In fact,
at some of the other redshift bins of redMaGiC we find that the NN-weights yield
amplitudes slightly higher than ISD and ENet (see Appendix D), so they do not
seem to return lower clustering amplitudes. We note that the NN-weights have not
undergone yet such an exhaustive validation process as ISD and ENet, but we
interpret these results as indication of nonlinear behaviours not being responsible
of the clustering amplitude issue. Moreover, to address this from the point of view
of ENet, we introduced additional terms to the S matrix from Equation 5.18 so it
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Figure 7.14: Comparison of the recovered clustering amplitude at the first redshift
bin of redMaGiC as a function of the cut-off, n, applied to define ISD-PC<n
weights. Values of n around 50 produce w(θ) values that converge, while values
n > 60 start to produce overcorrection.

included quadratic terms of the STD maps, s2
i , and/or cross-terms with stellar_dens,

sisstellar−dens. The results showed a decrease in the predictive power of the fits,
with a trend to overcorrect that was not compensated by additional contamination
identified. Regarding ISD, looking at the distribution of the χ2

null values at the end
of the iterative process, we find no evidence of clear deviations from a χ2 distribution
with ten (the number of 1D bins) degrees of freedom [202], which would also indicate
departures from linearity. This is shown in Appendix E.

Since the redMaGiC issue did not appear in Y1, we also ran ISD with different
configurations (in both SP bases) restricting ourselves to the Y1 area, so we could
confirm that the problem does not arise from any kind of difference present on the
Y3-only area. The results obtained do not provide clear evidence of any problem of
this kind.

Apart from these tests, we verified that using the Gaia EDR3 star map [96] instead
of the internal DES point sources map, stellar_dens, and the Planck 2013 thermal
dust emission map [182] instead of the sfd98 map has negligible impact on the
amplitude of w(θ).

All results presented in this section have been obtained using the pixel Landy-Szalay
estimator. We use it because it allows for faster calculation of w(θ), which enables
us to increase the number of additional validation tests and to better compare with
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estimations from the log-normal mocks. In order to ensure that this estimator does
not introduce any bias, we compare the correlation function obtained with the pixel
estimator with that from the estimator that uses random distributions. These results
for the first redshift bins of both redMaGiC and MagLim are shown in Figure
7.15. The blue and red lines correspond to the difference between the pixel estimator
at Nside= 4096 and at Nside= 512, respectively, and the random estimator. As it
can be seen, the difference at Nside= 4096 is negligible with respect to the statistical
error (orange region) at all angular scales. To make the comparison more stringent,
we use the covariance with no systematic terms. The pixel estimator at Nside=
512 shows some level of discrepancy at the smallest angular scales due to the lower
resolution of these pixel maps, although these scales are below the scale cuts (grey
shaded regions). We observe similar behaviour for the rest of the redshift bins.
We note that the correlation functions presented in this section were obtained from
pixelated versions of the galaxy samples at Nside= 4096, but the w(θ) measurements
for the contours shown in Section 7.3 are computed using the Landy-Szalay random
estimator.

7.4.4 Interpretation of the additional tests

Given all the results presented above, we conclude that the clustering amplitude
of redMaGiC remains robust against different choices of decontamination proce-
dure. This, together with the absence of inconsistency between w(θ) and γt(θ) from
MagLim at its fiducial redshift bins [191] after applying the exact same procedures,
leads us to the conclusion that the issue found in redMaGiC is unlikely to be
caused by uncorrected contamination neither from any of our known SP maps, nor
from a linear combination of them nor from nonlinear functions of them.

The findings presented in this section contributed to choose MagLim as the DES-Y3
fiducial lens galaxy sample instead of redMaGiC, which initially was the fiducial
one. Even if this sample was demoted, we have included results from it during this
whole work. We do this because the suspicion on the SP map contamination led to
the development and extension of some of the methodologies and tests presented in
this work and that have become fiducial for some DES-Y3 analyses [202].

All complementary tests introduced here represent an additional validation of our
methodologies, since all of them yield equivalent results, even when applied to a
seemingly defective sample. Therefore, we conclude that the galaxy clustering re-
sults presented in this thesis show remarkable robustness. We also note that the
combination with cosmic-shear measurements in the 3×2pt probe yields consistent
results between both samples [68]. This speaks to the power of the 3×2pt method-
ology to overcome systematic effects.
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Figure 7.15: Difference between the angular correlation function of redMaGiC
(top panel) and MagLim (bottom panel) calculated with the Landy-Szalay pixel
estimator at Nside= 4096 (blue line) and at Nside= 512 (red line) with respect to the
random estimator. The difference at Nside= 4096 with respect to the statistical error
(orange region) is negligible. The grey shaded regions correspond to the excluded
angular scales.
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Chapter 8

Conclusions

The main results of this thesis are twofold: first, we present a comprehensive study
of the effect of observational systematics on the DES-Y3 data, both at the level of
the galaxy sample density contrast and of the angular correlation function. We have
presented the fiducial correction method, ISD, together with the corrections de-
rived from it and their validation by means of log-normal mocks and the alternative
method ENet. Second, we compute the galaxy clustering angular correlation func-
tion from the two lens galaxy samples used in the DES-Y3 combined clustering and
weak lensing analysis, MagLim and redMaGiC, after applying the corresponding
systematic corrections.

Regarding the treatment of systematic contaminants, in this thesis we have carried
out an exhaustive work of characterisation and correction of these effects. For their
characterisation, a set of 107 survey property maps has been used. The increase
in the number of these maps with respect to previous DES analyses has posed a
challenge both technically and in terms of validation of decision-making. The use of
a larger number of maps can lead to a greater tendency to overcorrect. Furthermore,
given the iterative nature of ISD, this also results in a significant increase in com-
putational time and is a potential source of issues arising from correlations between
SP maps. To address this problem, we have applied two different dimensionality re-
ductions: the first consists of identifying families of survey property (SP) maps and
other non-trivial correlations and selecting a set of representative maps by means of
the Pearson’s correlation coefficient. The other dimensionality reduction consists of
applying a principal component analysis to the 107 SP maps. This way, we define
two SP bases to work at, the STD basis and the PC basis. The latter has been our
fiducial basis, since it allows to capture subtle correlations between STD maps into
single components and it also provides a simpler criterion to reduce the number of
maps (based on the concepts of the PCA technique). In any case, we have selected
a sub-set of SP maps for each basis: 34 representative STD maps, STD34, for the
STD basis and the first 50 principal components, PC<50, for the PC basis. The use
of a smaller number of maps containing the same amount of information as the total
set results in less computing time. This has also made it possible to perform a larger
number of validation tests for the ISD method, which has proven to be critical for
the reliability of the later galaxy clustering results.

We have introduced ISD, the fiducial method of DES-Y3 analysis for the correction
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of systematics. This method was applied to the DES-Y1 analysis of systematics,
but for Y3 we have made necessary adaptations and improvements, such as the
acceleration and parallelisation of processes given the larger number of SP maps used
(even after dimensionality reduction). Furthermore, we have ensured the validity of
some of its assumptions, such as the linearity of the 1D relations. Another key aspect
has been its adaptation to be applied to simulations, such as log-normal mocks.
This is a fundamental aspect for the exhaustive validation of the method that we
have conducted. We have obtained a fiducial set of correcting weights from using
ISD on the set of PC<50 maps, dubbed ISD-PC<50 weights, and an additional
set of weights from running on the STD34 maps, named ISD-STD34 weights, as a
robustness check. In both cases, we have employed a strict significance threshold
T1D = 2. This way we minimise the risk of undercorrection and we evaluate the
level of overcorrection induced on the data. As part of this thesis, we have also
contributed to the decontamination of the DES-Y3 BAO SAMPLE [47], to which ISD
has been applied as well.

We have performed a thorough validation of the corrections obtained from both
ISD-PC<50 and ISD-STD34 configurations. For this task, we have used log-normal
mocks of two different types: uncontaminated mocks, which are realisations with
no systematic effects added, and contaminated mocks, which include contamination
that matches the the observed relationship of the galaxy sample number density with
the values of the contaminants. In this respect, a novel point with respect to Y1 and
other analyses has been the introduction of alternative correction methods applied
to the same data set. This has enabled us to cross-check ISD and the compatibility
of the results obtained from different methods, in particular whether the same modes
of contamination are captured. For this purpose, we used the ENet method, which
performs a simultaneous fit to all SP maps by means of the elastic net regularisation
(LASSO + ridge regression). In particular, we have used ENet-STD107 weights
from the data to generate a set of ENet contaminated mocks, which has allowed
to avoid blind spots in the validation process that could arise from using the same
method to contaminate and decontaminate the mocks. With these tests we have
ensured the internal consistency of our methodology, from the assumptions made
to contaminate the mocks to the usage of multiplicative weights to recover the true
clustering under ideal circumstances. We have placed particular emphasis on the
potential biases that the ISD method could impart on the data by removing real
cosmological structure, causing overcorrection or false correction bias, or by leaving
uncorrected contamination, resulting in undercorrection or residual systematic bias.
We have proven that the level of false correction bias on the recovered w(θ) with
T1D = 2 is well within the statistical error for both galaxy samples. On the other
hand, there is a residual systematic bias on the recovered correlation function of the
two samples using the same significance threshold that results on a χ2 that exceeds
our criterion of χ2 > 3 from the joint fit of all redshift bins, although this is probably
caused by an excess of contamination imprinted on the data due to the overcorrection
caused by the ENet-STD107 weights. For this reason, we marginalise over this bias
in order to account for this systematic uncertainty in the final covariance matrix.
This has been also a novelty with respect to previous analyses and has been possible
due to the usage of both ISD and ENet decontamination methods. This has also
allowed us to consider the difference between w(θ) obtained from ISD-PC<50 and
ENet-PC<50 weights as an additional systematic term to the final covariance,
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although this contribution is subdominant. After accounting for these systematic
effects on the covariance, we verify that the biases on the estimation of Ωm and the
galaxy bias, bi, is negligible, especially if we take into account that the errors are
underestimated, since the rest of cosmological parameters are fixed. Therefore, we
conclude that the ISD method and in particular the ISD-PC<50 weights provide
an unbiased estimate of w(θ) for MagLim and redMaGiC. Furthermore, we verify
on mocks that these biases have negligible impact on the contours obtained for Ωm

and galaxy bias, bi.

Once the correcting weights were obtained, we have computed the galaxy cluster-
ing angular correlation function of both MagLim and redMaGiC. From the fit of
the 3×2pt best-fit cosmology to the clustering data we obtain χ2 = 44.01 with 25
degrees of freedom for MagLim and χ2 = 70.00 with 37 degrees of freedom for red-
MaGiC. The worse χ2 value of redMaGiC is especially driven by its first redshift
bin. These χ2 values provide a lower bound of the goodness-of-fit p-value of 0.011 for
MagLim and of 0.0008 for redMaGiC. We determine that applying no correction
to the data has a significant impact on the amplitude of w(θ), especially at the high-
est redshift bins of both galaxy samples. This effect on the DES-Y3 data is more
important than that on the Y1 results from redMaGiC [81]. We have illustrated
the relevance of observational systematics decontamination by obtaining constraints
on Ωm and galaxy bias while marginalising over shift and width of the nig(z) distri-
butions and fixing the rest of the parameters. We find that biases on w(θ) translate
into remarkable biases on the estimation on cosmological parameters. Furthermore,
correlations between parameter values at different redshift bins enhance this effect.
Obtaining constraints on the same parameters from the ISD-STD34 weighted w(θ)
we find negligible difference with respect to the fiducial ISD-PC<50 estimates. This
proves the robustness of our correcting methodology with respect to the choice of SP
basis. We also compute constraints on the same parameters from both galaxy sam-
ples corrected with ISD-STD34 weights, obtaining equivalent results. This proves
the robustness of the ISD corrections against the choice of SP basis.

To further ensure the robustness of our results and to investigate the incompatibil-
ity found between galaxy clustering and galaxy-galaxy lensing amplitudes of red-
MaGiC sample [68], we have also performed a series of additional tests. We have
tested the impact of our decisions on the number of SP maps to be used at each SP
basis. In the case of the STD basis, we find negligible impact on w(θ) from expand-
ing the list of STD maps from 34 representative maps to 103 of them (excluding
the magauto_depth, since this photometry is not used by any of the samples). This
demonstrates that the 34 representative maps summarise properly the information
contained by the whole set of STD maps. On the other hand, expanding the list
from 50 to 107 PC maps yields a significant reduction of the w(θ) amplitude, which
we find mostly compatible with overcorrection after testing on ENet-STD107 con-
taminated mocks. This would be the result of either chance correlations being more
frequent for the higher PC maps or of real large-scale structure from the data going
into the PC maps (originally, into the STD maps and then absorbed during the
PCA transformation). To further investigate this issue, we have cross-correlated the
ISD-PC<50, ISD-STD34 and ISD-PC107 weights with the convergence, κ, map
[128]. We find that the two configurations that use a reduce set of maps do not
correlate with κ, as expected, while the ISD-PC107 do significantly correlate with
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this map, indicating that this configuration removes real cosmological signal. In-
vestigations on this issue are still ongoing to determine the origin of this effect are
chance correlations or real LSS going into the SP maps. We have also tried with
different numbers of PC maps, finding stability of the clustering amplitude around
50 PC maps. All these results show that both ISD-PC<50 and ISD-STD34 weights
are robust and do not induce spurious effects. In addition to the different config-
urations of ISD presented, we have computed ENet-PC<50 weights in order to
obtain a comparison of methods applied on the data with the same set of maps. We
find that both methods yield w(θ) amplitudes that are well in agreement within the
statistical error. To test our assumptions about linearity between observed galaxy
number density and SP maps, we have cross-checked against weights determined by
a machine learning method [197], the NN-weights, also finding no significant diver-
sions from the fiducial results. Runs on the Y3 data evaluated on the Y1 area have
been carried out as well, finding no clear evidence of different behaviours between
sky regions. Finally, we have also replaced our stellar density and dust extinction
maps by the Gaia EDR3 [96] star map and the Planck 2013 thermal dust emission
map [182], respectively, finding again negligible differences in clustering amplitude.
Therefore, we conclude that our fiducial results show extraordinary robustness to
choices of number or basis of SP maps, method assumptions, such as linearity, or
compared to other methods, and that the issue found in redMaGiC is unlikely to
be due to remaining contamination from any known SP map.

We can then summarise our conclusions about the decontamination of the data as
follows:

• The ISD method provides correcting weights that successfully remove sys-
tematic contamination from observing conditions on both MagLim and red-
MaGiC. This is demonstrated by the validation tests on log-normal mocks
introduced in Chapter 6. In addition, we test this method against the choice
of SP basis, finding great agreement between the results from the fiducial
ISD-PC<50 and the alternative ISD-STD34 configurations.

• We introduce ENet as an alternative and powerful correction method. We use
weights derived from this method to contaminate mocks, so we can validate
ISD avoiding blind spots. We also find agreement between ISD-PC<50 and
ENet-PC<50 corrected w(θ) from the real data.

• We introduce a systematic contribution to the final covariance matrix from the
difference between ISD-PC<50 and ENet-PC<50 results (subdominant con-
tribution) and from the residual systematic bias found when decontaminating
ENet-STD107 contaminated mocks with ISD-PC<50 weights.

• We determine that the ISD method does not impart significant biases on w(θ)
or in the estimation of cosmological parameters.

• We have tested the impact of using a reduce set of SP maps in both bases,
finding negligible effect in the case of the ISD-STD103 weights and a significant
reduction of the w(θ) amplitude induced by the ISD-PC107 weights, that is
identified as overcorrection after testing on ENet contaminated mocks. We
also find that these weights cross-correlate with large-scale structure.

• We also apply NN-weights to the redMaGiC sample to test our assumptions
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of linearity, finding no significant difference with respect to the fiducial weights.

• None of the configurations or alternative methods provide a reduction of the
w(θ) amplitude that is not associated with overcorrection instead of actual
removal of systematic contamination.

• We conclude that the systematic decontamination presented in this work is
robust to choices of number, type and basis of SP maps.

All the work presented in this thesis has been developed as a member of the Dark
Energy Survey Collaboration, in particular within the LSS working group. All
the results, tests, decisions and infrastructures have been obtained and developed
leading the LSS-WG project of mitigating observational systematic effects in the
DES-Y3 lens galaxy samples. The w(θ) measured on the data corrected with the
ISD methodology employed along this work and the modified covariance matrix
here presented have been used for combination with cosmic-shear and galaxy-galaxy
lensing measurements to obtain the 3×2pt [68] and 2×2pt [191, 175, 82] probes.
Moreover, these galaxy clustering measurements have been obtained from one of the
largest data sets to date. Therefore, the results on galaxy clustering and systematics
treatment presented throughout this work have been an essential element of the DES-
Y3 analysis and, combined with the other two probes of the underlying density field,
have made it possible to provide one of the tightest and most precise constraints
so far on matter density, amplitude of matter fluctuations and other cosmological
parameters. The goodness-of-fit p obtained from the posterior predictive distribution
is 0.04 for ΛCDM. The cosmological parameters obtained by the DES-Y3 3×2pt
analysis within ΛCDM, among which Ωm = 0.339+0.032

−0.031, σ8 = 0.733+0.039
−0.049 and S8 =

0.776+0.017
−0.017, are compatible with the latest results from Planck [187] at 1.5σ level (p =

0.13) [68] within ΛCDM. DES-Y3 3×2pt results also show no preference for wCDM
over ΛCDM, with a Bayes factor R = 4.7 and Ωm = 0.352+0.035

−0.041, w = −0.98+0.32
−0.20

and S8 = 0.775+0.026
−0.024. These results alone represent one of the most important tests

on the validity of ΛCDM. Moreover, after ensuring the statistical compatibility
of the data sets, the combination of the DES-Y3 data with external low-redshift
and with CMB (high-redshift) data yields Ωm = 0.306+0.004

−0.005, σ8 = 0.804+0.008
−0.008 and

S8 = 0.812+0.008
−0.008 within ΛCDM. From this combination of data, the wCDM model

is not favoured against ΛCDM by a Bayes factor R = 7.8 and Ωm = 0.302+0.006
−0.006,

w = −1.031+0.030
−0.027 and S8 = 0.812+0.008

−0.008. These results are the most powerful and
precise test of the standard cosmological model to date.

During the development of this thesis several challenges have been faced, being the
origin of most of them the increase in the area observed in DES-Y3 analysis, which
translates into a huge improvement in statistical power. Therefore, systematic un-
certainties become dominant over statistical error in this kind of analyses and this,
of course, includes the observing conditions and astrophysical sources. This makes it
necessary to properly characterise these effects. Covering greater areas also entails
the possibility of introducing errors when characterising these effects, for example
during the creation process of the SP maps, as it has been discussed in this work.
This adds another layer of complexity to the problem of mitigating systematics.
Thus, we have seen through this thesis that it is not enough to mitigate the impact
of the SP maps on the data, but it is also critical to ensure that these corrections
are unbiased at all levels, from the recovered w(θ) to the estimated cosmological
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parameters, and that they are robust against all kind of analysis choices, from num-
ber and kind of contamination templates to the decontamination method employed
itself.

From the point of view of the decontamination methods, we have seen that ISD
provides correcting weights that pass the tests and requirements mentioned above.
We have also confirmed that ENet is an excellent method as well and that its usage
in combination with ISD represents a very powerful tool. However, as a consequence
of the increase in area and the reduction of the statistical errors, some of the limits
of these methods have been tested, so a new task will be to further explore the range
of validity of the assumptions these methods rely on, such as linearity. In this sense,
an interesting project will be to introduce new techniques, such as the NN-weights,
and to redefine and even join some of the current methods, as ISD and ENet,
trying to take the best parts of each of them. For example, it will be interesting to
explore the possibility of implementing multilinear fits within the ISD infrastructure
making use of principal component regression (PCR) or partial least squares (PLS)
techniques. This would preserve the data-driven way the contamination is selected
by ISD and ENet, while allowing to test on log-normal mocks, as does the former,
and reducing significantly the computing time, as does the latter. Regarding the
computing time, this will be a vital variable that will have to be taken into account.
DES-Y3 has tripled the observed area with respect Y1, and for Y6 the area will not
increase, but the depth will do, adding more statistical power. Moreover, the next
generation surveys will cover even wider areas, such as LSST (∼ 18000 deg2), Euclid
(∼ 15000 deg2) and DESI (∼ 14000 deg2), making the issue of computing time even
more relevant.

To finally conclude, the work developed in this thesis may be considered a benchmark
on the treatment of observational systematics for future galaxy clustering analyses
or for any cosmological analysis that relies on galaxy samples as the ones we have
worked with and that is performed with surveys of the characteristics of DES or of
the surveys mentioned above.
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Appendix A

ISD-II: a generalisation of the
significance metric

In this appendix we present ISD-II, a generalisation of the significance metric em-
ployed by the DES-Y3 fiducial decontamination method, ISD. Here, by significance
metric we understand the quantification of the systematic impact from the SP maps
by means of the 1D significance, S1D.

The final goal of our decontamination methodology is to recover the true w(θ), where
true means that it is calculated from a galaxy sample that is properly decontami-
nated to some significance threshold. We verify this through the different validation
tests that we perform using both uncontaminated and contaminated mocks, as pre-
sented in Chapter 6. In order to determine whether these tests succeeded with
defined the χ2 < 3 criterion. In addition, to get an intuition about the performance
of the decontamination on real data, we need to look at the impact of the correcting
weights on the correlation function. However, if this is checked before unblinding the
data, it must be done following the blinding criteria. In order to meet the blinding
requirements, we cannot look directly at w(θ), but we can look at ∆w(θ), which is
defined as

∆w(θ) ≡ wobs(θ)− wdec(θ) , (A.1)

where wobs(θ) and wdec(θ) are the correlation function obtained from the observed
data and from the decontaminated data, respectively. This difference gives the level
of systematic impact on the angular correlation function due to observing conditions.
This simple calculation led us to study the possibility of incorporating information
about the impact on w(θ) of individual SP maps, expanding the significance metric
based on S1D from the 1D relations to an alternative or generalised metric that takes
into account the discrepancy between corrected and uncorrected w(θ) at the same
time. We were also motivated by the significant difference between ∆w(θ) measured
on the Y3 [202] and on Y1 [81] data, because we were concerned by the possibility of
a single SP map or a few of them causing a great impact. Determining the impact
on w(θ) of individual SP maps, similar to the 1D relations, can help to determine
this.

We call the generalisation of the ISD method presented in Section 5.1 that makes
use of this alternative metric ISD-II. We apply ISD-II to both MagLim and red-
MaGiC samples, obtaining similar results. In any case, we note that ISD-II is still
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in development phase and for now it has been applied only to the 34 STD represen-
tative maps, so the results shown here correspond to this map basis only, although
we do not expect significant differences when applying it to PC maps. Therefore,
in this appendix we use the term SP map generically, referring to both SP bases.
We also remark that the covariance matrix used for the calculations shown in the
next subsections is obtained from the correlation function measured on log-normal
mocks, and it does not correspond to the fiducial CosmoLike covariance matrix
used for the galaxy clustering and systematics analysis presented in Chapters 6 and
7.

A.1 Derivation of the alternative metric

Throughout our analysis we assume that both the decontamination of the data and
the contamination of the mocks are carried out multiplicatively. Motivated by the
high level of reproducibility of the data achieved by the contaminated mocks (see
Section 6.2.1), we decided to further explore this assumption, which led us to the
generalisation of our significance metric. From this point of view, the metric can
be interpreted as a new input to the decontamination pipeline, and therefore as
something that can be validated. We start considering the contamination of the
mocks, for which we have

no
〈no〉

=
nt
〈nt〉
· 1

wT
, (A.2)

where is wT the final weight map obtained at the end of the iterative pipeline of ISD.
By construction, 〈wT 〉 = 1, and we also impose that 〈1/wT 〉 = 1 when contaminating
the log-normal mocks, so we avoid to bias the distribution of the 1D relations. For
simplicity, let us start considering that the systematic contamination comes from a
single SP map, s, so

1

wT
=

1

ws
= F (s) = m · s+ c , (A.3)

where F (s) is the function used to fit the 1D relation of the observed data with
respect to the SP map s. If we consider the systematic impact small with respect
to the true galaxy number density value, that is, ws ' 1, we can expand equation
F (s)

no
〈no〉

=
nt
〈nt〉
· F (s) ' nt

〈nt〉
·
[

1 +
∂F (s)

∂s

∣∣∣∣∣
so

· (s− so)
]

=
nt
〈nt〉
· [1 +m · ŝ] , (A.4)

where s0 is the value of the SP map such that f(s0) = 1, this is , n0/〈n0〉 = nt/〈nt〉,
and

ŝ = s− s0 . (A.5)

To obtain the value of s0 we take into account that we are assuming linear fits in
the 1D relations,

nµ
〈n〉 = m · sµ + c , (A.6)
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where µ runs over the 1D bins. We can write 〈n〉 as

〈n〉 =

∑Npix
i=1 gi∑Npix
i=1 fi

=

∑
µ

∑
j∈µ g

µ
j∑

µ

∑
j∈µ f

µ
j

=

∑
µ gµ∑
µAµ

=

∑
µAµ ·

(
gµ
Aµ

)
∑

µAµ
=

∑
µAµ · nµ∑
µAµ

, (A.7)

that is, as the average galaxy number density per SP bin, nµ, weighted by the area
covered by each bin, Aµ. gµ represents the number of galaxies per 1D bin (region of
the footprint), µ, so nµ = gµ/Aµ.

In addition, if we now sum over nµ, we get∑
µ

nµ =
∑
µ

gµ
Aµ

=
1

Abin
·
∑
µ

gµ =
1

Abin
〈n〉
∑
µ

Aµ = 〈n〉 ·K , (A.8)

where we have used Equation A.7 and the fact that we use equal area bins for the
1D relations, so Aµ = Abin ∀µ. Then,∑

µ

nµ
〈n〉 = K , (A.9)

with K the number of SP bins in the 1D relation. This constraint means that there
is at least one value for which the line n/〈n〉 = 1 is crossed.

Finally, applying the weighted average seen in Equation A.7 to the numerator of
Equation A.6 we obtain

1

〈n〉 ·
∑

µAµ · nµ∑
µAµ

= 1 = m ·
∑

µAµ · sµ∑
µAµ

+ c = m · s0 + c . (A.10)

Thus, the value s0 that we are looking for corresponds to the average of the map s
weighted by Aµ.

Now, going back to Equation A.4, we can calculate the correlation function as

〈δo · δ′o〉 = 〈δt · δ′t〉+ 2m〈δt · (δ′t + 1)ŝ′〉+m2〈(δt + 1)ŝ · (δ′t + 1)ŝ′〉 , (A.11)

where the prime represents the density contrast measured at position θ′ = θ + ∆θ.
Then, we have

∆w(θ) = 2m〈δt · δ′tŝ′〉 +m2 [〈δtŝ · δ′tŝ′〉+ 2〈δtŝ · ŝ′〉+ 〈ŝ · ŝ′〉] + 2〈δt · ŝ′〉 . (A.12)

If we now consider that the systematic impact is caused by a set of SP maps, what we
have is a total weight map, wT = w1 ·w2 · · ·wn, according to the ISD methodology.
In principle, there is not such a total SP map, sT , of which wT is its weight map,
but we still can require that

1

wT
= M · sT + C = M · ŝT + 1 =⇒ M · ŝT =

1

wT
− 1 , (A.13)
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with ŝT = sT − s0T , as seen before. Now, Equation A.12 can be rewritten for this
case as

∆w(θ) = 2 〈δt · δ′tŝ′MT 〉+ 〈δtŝMT · δ′tŝ′MT 〉+ 2〈δtŝMT · ŝ′MT 〉
+〈ŝMT · ŝ′MT 〉+ 2 〈δt · ŝ′MT 〉 ,

(A.14)

where M has been absorbed into ŝMT = M · ŝT .
We then compare both sides of Equation A.14 to validate it. In addition, we compare
each term of the r.h.s. of this equation to check their contributions to the total
∆w(θ). To simplify this, we rename these terms as A = 〈δt · δ′tŝ′MT 〉, B = 〈δtŝMT ·
δ′tŝ
′
MT 〉, C = 〈δtŝMT · ŝ′MT 〉, D = 〈ŝMT · ŝ′MT 〉 and E = 〈δt · ŝ′MT 〉. The terms that

depend on δt, that is, A, B, C and E, can be evaluated on uncontaminated or
decontaminated mocks. We focus on evaluating them on decontaminated mocks,
since it is a more realistic case. We also calculate the error for ∆w(θ) from both
sides of the equation and compare them as an additional validation. From the r.h.s.
we have

δ∆w2
rhs(θ) =

(
E∑
i=A

E∑
j=A

(
∂∆w

∂xi

)(
∂∆w

∂xj

)
· cov(xi, xj)

)
(θ) , (A.15)

and from the l.h.s.

δ∆w2
lhs(θ) =

(
σ2
wo + σ2

wt − 2 cov(wo, wt)
)

(θ) . (A.16)

Since D does not depend on δt and there is only one realization for it, its variance
and its covariance with other terms are zero in Equation A.15. The results of this
comparison are shown in Figure A.1. We have run this test on 100 contaminated
mocks. As it can be seen, the main contribution to ∆w(θ) comes from the term D.
The other terms have a negligible contribution to the total ∆w(θ). The yellow error
bars correspond to those from Equation A.15 and they are slightly wider than the
error bars obtained from Equation A.16. As expected, the contribution of E is ∼ 0,
because the correlation between the true or the decontaminated density field and the
SP maps is zero, since either there is no contamination or it is removed. However,
we observe that this term explains most of the dispersion of ∆w(θ), making the
uncertainties obtained from both sides of Equation A.14 compatible. Then, we have
that

∆w(θ) ' 〈ŝMT · ŝ′MT 〉(θ) = wŝMT
(θ) , (A.17)

where wŝMT
(θ) is the angular correlation function of the total SP map. We confirm

the validity of this expression for the case of a single contaminating SP map by
performing this same test at the redshift bins of redMaGiC and MagLim and at
the significance thresholds for which we only weighted by one SP map. If we go back
to the single SP map case, we have that wŝMT

→ m2wŝ. This enables us to write
the χ2 of the fit of the uncorrected w(θ) to the corrected one as

χ2
w(θ) = ∆w(θ)> · C−1 · ∆w(θ) = m4χ̂2 , (A.18)

where we define
χ̂2 ≡ w>ŝ (θ) · C−1 · wŝ(θ) , (A.19)
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A.1. Derivation of the alternative metric

Figure A.1: Contribution of each of the terms of Equation A.14 to ∆w(θ) for
MagLim at its fifth redshift bin. The yellow dots correspond to the r.h.s. of
this equation and the dashed black line represents the mean ∆w(θ) from the mocks,
that is, the l.h.s. of the equation. These points have been added an offset along the
x-axis to better visualise them. The solid blue line is ∆w(θ) obtained from the data.
As it can be seen, the most relevant term is D = 〈ŝMT · ŝ′MT 〉, while E = 〈δt · ŝ′MT 〉
contributes mostly to the dispersion. Both the dispersion of the l.h.s., given by
Equation A.16, and that of the r.h.s., given by Equation A.15, are equivalent.

with C the covariance matrix obtained from the correlation function measured on
uncontaminated mocks. This quantity contains information about the structure
of each SP map and establishes a relation between the clustering properties of an
individual SP map and its impact on w(θ), which is proportional to the slope of
its 1D relation. Then, we can introduce a threshold, χ2

w(θ), thr, for the impact that
we allow a SP map with a given structure to cause on w(θ), similar to T1D for
the 1D significance. The introduction of the new parameter χ2

w(θ) defines a new
metric for the contamination from the observing conditions on the data based on
it. However, due to the way it is defined, a map with a high χ̂2 can still have a
low significance if its 1D gradient is small. This is because the χ2

w(θ) metric has
a dependency with the S1D one, so it makes more sense to combine both instead
of using the former alone. Thus, combining both we obtain a generalisation of
our fiducial metric that expands it from a one dimensional space, {S1D}, to a two
dimensional one,

{
S1D, χ

2
w(θ)

}
. Therefore, it is also necessary to expand the criterion

to label a SP map as significantly contaminant. From the point of view of the original
metric that we run ISD with (hereafter referred to as classical metric), a SP map is
significant if S1D > T1D. Now, we have four possible situations for a given SP map:
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• S1D > T1D and χ2
w(θ) > χ2

w(θ), thr: the SP map triggers both metrics, that is, it
is detected as significant by its 1D relation and it would cause an impact on
w(θ) higher than what we allow, so we correct for it;

• S1D > T1D and χ2
w(θ) < χ2

w(θ), thr: the contamination is detectable on the 1D
relation but its impact on w(θ) is lower than our limit. We do not correct for
it;

• S1D < T1D and χ2
w(θ) > χ2

w(θ), thr: the contamination is not detectable on
the 1D, but correcting for this map would cause a significant impact on w(θ)
(∆w(θ) would be large). For this reason, we do not correct for the SP map in
this case. If this is found, it would be necessary to later marginalise over the
correction;

• S1D < T1D and χ2
w(θ) < χ2

w(θ), thr: the contamination is not detected in the 1D
relation and it would cause no big impact on w(θ), so we do not correct for it.

Figure A.2 summarises these four possibilities and the paths that each SP map
can take after applying the correction. This alternative metric still checks whether
the impact on the data is significant when compared with the uncontaminated log-
normal mocks and at the same time it takes into account the impact on w(θ), which
is precisely the quantity we are interested in. If a SP map has a detectable slope,
m, in its 1D relation but causes no big impact on the correlation function, we do
not weight for it. Since both conditions must be met in order to weight for a map,
the effect is to shorten the list of SP maps, and therefore it is equivalent to raise the
significance threshold, at least when we sort the maps by their S1D, as we explain
later.

A.2 Application to the data
We modify the iterative process of ISD to switch from one metric to the other, giving
rise to ISD-II, and we run it on MagLim and redMaGiC. We set T1D = 2, 4, 9,
similarly to our fiducial analysis, and χ2

w(θ), thr = 0.01, 0.1, 0.5. The lowest value for
χ2
w(θ), thr is chosen taking into account that this is a limit for the impact on w(θ)

that we allow each individual SP map to have. Setting this limit to a too mild
value could cause many SP maps to be rejected as contaminating enough under
our new criterion, and since the contamination on the data usually comes from the
contribution of several maps these could result in a net impact on the correlation
function higher than that limit. This means that setting a strict χ2

w(θ), thr individually
for each map could still lead to a w(θ) that is not corrected enough. For this reason,
it is necessary to set a conservative value globally. If we consider that the data can
be corrected by each of the STD representative maps at least once (although we fix
a maximum number of iterations beforehand, to check for non-convergence issues), a
criterion to determine this value could be χ2

w(θ), thr ∼ 1/NSP = 1/34. Just to ensure
that we are conservative enough, we decide to use 0.01 as limit. The purpose of the
other two values is to check the evolution of the list of maps with this new metric.

The generalised pipeline of ISD-II checks after each iteration whether any SP map
meets any of the 9 possible combinations of (T1D, χ

2
w(θ), thr). The alternative metric

offers the option of ordering the SP maps with respect to the two parameters it
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Figure A.2: Scheme of the possible paths a SP map can go through under the
alternative methodology proposed. Our new criterion is that we only weight for
maps with S1D > T1D and χ2

w(θ) > χ2
w(θ), thr, which corresponds to the upper right

region on the
{
S1D, χ

2
w(θ)

}
space. The ideal process for a SP map is to go from this

region to the lower left corner, but if it lies in any of the other two regions we do
not weight for them as well.

depends on: we can order the SP maps from highest to lowest S1D, as with the
classical metric, or we can sort them from highest to lowest χ2

w(θ). Both options give
information about different aspects of this procedure.

A.3 S1D ordering

We first run the pipeline ordering by 1D significance, so we can prove that the
classical metric is a particular case of the alternative one. It is important to note
that even when running in this way it is possible that some SP maps change positions
on the list with respect to the classical list because some intermediate maps or are
not labeled as significant under the new criterion. This is due to the fact that for the
same m in the 1D relation, a map that triggers the S1D metric could have a χ̂2 small
enough so it does not trigger the χ2

w(θ) metric (see Equation A.18). However, this is
not incompatible with the classical metric being a particular case of the alternative
one, because by definition as χ2

w(θ), thr → 0 the number of SP maps that meet the
correction condition increases until they converge to the exact same list of maps of
the classical case.
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In Table A.1 we show the results that we obtain running with this ordering for
(2, 0.01), the strictest limit of all the combinations. Comparing with Table 5.3, it
can be seen that the lists of SP maps obtained for redMaGiC are compatible with
the classical metric ones: the maps appear in the same order and the lengths of the
lists are intermediate situations between T1D = 2 and 4 in the last four redshift bins.
The first bin is an example of different maps appearing on the list. This is due to the
reasons already explained. Comparing the results for MagLim with Table 5.2, it
can be seen how this sample shows a similar behaviour, with the maps appearing in
the same order as in the classical case and also corresponding to situations between
T1D = 2 and 4 (mostly T1D = 2, which indicates that it already converges to the
classical metric). The results for the other two limits at fixed T1D = 2 are not shown
to simplify the table, but they are just shorter versions of those lists, with some maps
switching positions. Looking at this trend we conclude that the classical metric is a
particular case of the alternative one. To further prove this, we run a null test using
χ2
w(θ), thr = 0, and we recover the exact same lists, as expected. We also interpret

these results as an indication that the classical metric is already sensitive to the
impact on the clustering through the 1D relations: the first maps to be labeled as
significant (that is, the most contaminant ones) by the classical metric happen to be
the same as by the alternative one. This means that the maps with the highest S1D

are among the maps with the highest χ2
w(θ) (they are not necessarily the maps with

the exact highest χ2
w(θ), because of the S1D ordering followed). This is an additional

sign of robustness of our correction methodology.

Figure A.3 is the two dimensional equivalent of Figure 5.10 for the iterative decon-
tamination process of ISD-II. This Figure shows the value of (S1D, χ

2
w(θ)) for the

34 STD representative maps at iteration 0 (no weights applied) and at iteration 2,
when the process converges. The red points represent the SP maps that meet the
condition to be corrected for at iteration 0. As it can be seen, there are no SP
maps lying on the upper left quadrant at the end of the process, so there is no need
to marginalise over the impact on w(θ) for any map according to the generalised
criterion. At the end of the iterative process, almost all maps lie within the bottom
left corner, as desired, and all of them meet the condition of being below at least
one of the two thresholds.

A.4 χ2
w(θ) ordering

We also run the ISD-II pipeline ordering by χ2
w(θ). In this case, it is possible that

more changes appear on the lists of SP maps with the respect to the other ordering,
because having the highest S1D does not necessarily mean to have the highest χ2

w(θ),
since for the same m two maps can have different χ2

w(θ) if χ̂2
1 6= χ̂2

2, and this can
make a map to trigger later than before or to not trigger at all. To run this test
we focus on two values of χ2

w(θ), thr, 0.01 and 0. The former allows us to compare
with the results from the S1D ordering and evaluate the alternative metric with its
two possible configurations. The latter value is of special interest, since this case is
equivalent to use the classical metric, that is, zero tolerance for the impact on w(θ),
but still prioritizing the SP map clustering over the 1D significance. Nevertheless,
we note that in this case χ2

w(θ), thr → 0 does not imply to recover the classical results.
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MagLim
Redshift bin SP maps to correct for
0.20 < z < 0.40 fwhm_fluxrad -r, fwhm_fluxrad -g
0.40 < z < 0.55 fwhm_fluxrad -r, fwhm_fluxrad -g
0.55 < z < 0.70 stellar_dens, fwhm_fluxrad -i, fwhm_fluxrad -r,

fwhm_fluxrad -g, skybrite-i, sfd98
0.70 < z < 0.85 stellar_dens, fwhm_fluxrad -r, fwhm_fluxrad -i,

fwhm_fluxrad -g, skyvar_uncert-i, sfd98,
fwhm_fluxrad -r

0.85 < z < 0.95 sfd98, fwhm_fluxrad -r, fwhm_fluxrad -g,
skyvar_uncert-r, fwhm_fluxrad -z, skybrite-g,
airmass-z, fwhm_fluxrad -r

0.95 < z < 1.05 skyvar_uncert-r, fwhm_fluxrad -g, fwhm_fluxrad -r,
sfd98, stellar_dens, airmass-g,
skyvar_uncert-g, fwhm_fluxrad -i, fwhm_fluxrad -z,
t_eff_exptime-z, skyvar_uncert-r, sfd98,
stellar_dens

redMaGiC
Redshift bin SP maps to correct for
0.15 < z < 0.35 skybrite-i, t_eff_exptime-z
0.35 < z < 0.50 t_eff_exptime-z, skybrite-i, fwhm_fluxrad -r,

t_eff_exptime-r
0.50 < z < 0.65 sof_depth-z, stellar_dens, fwhm_fluxrad -i
0.65 < z < 0.80 fwhm_fluxrad -r, stellar_dens, sof_depth-i,

t_eff_exptime-z
0.80 < z < 0.90 skyvar_uncert-r, stellar_dens, fwhm_fluxrad -r,

fwhm_fluxrad -z, sfd98

Table A.1: List of maps labeled as significant under the criterion of the alternative
metric and ordering by S1D for MagLim (top table) and redMaGiC (bottom
table). The maps listed correspond to (T1D, χ

2
w(θ), thr) = (2, 0.01) and sorting them

by S1D. Comparing this with Tables 5.2 (MagLim) and 5.3 (redMaGiC) it can
be seen that the results are mostly compatible with an intermediate case between
T1D = 2 and 4. We notice that in some redshift bins χ2

w(θ), thr = 0.01 is sufficiently
low to make this alternative metric converge to the classical one.

In Table A.2 we show the maps we weigh for under this configuration. Likewise
the effect of raising/lowering T1D is to shorten/lengthen the list of maps with the
classical metric, the effect of changing χ2

w(θ), thr at a fixed T1D is the same. It can be
seen that the order of appearance of the maps changes with respect to the classical
case, although their lengths are between T1D = 2 and 4, except the last redshift bins
of both samples, at which the lengths increase.

A.5 Conclusions

From the point of view of the methodology, we notice that when ordering by S1D

the maps identified as contaminant are practically the same as in the classical case
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Figure A.3: Illustration of the iterative decontamination process with ISD-II: in
the top panel we show (S1D, χ

2
w(θ)) at iteration 0, i.e. with no weights applied, at

the first redshift bin of MagLim. The red points correspond to the SP maps that
meet the condition S1D > T1D and χ2

w(θ) > χ2
w(θ), thr at iteration 0, for T1D = 2 and

χ2
w(θ), thr = 0.01. In the bottom panel we show the status of these two contamination

parameters at the end of the process. It can be seen how almost all points lie within
the bottom left quadrant, as desired.

and they appear mostly in the same order. This indicates that the classical metric is
sensitive to some degree to the clustering of the SP maps through their 1D relations,
since the maps that it labeled as contaminant happen to be the ones with the
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MagLim
Redshift bin SP maps to correct for
0.20 < z < 0.40 fwhm_fluxrad -r, fwhm_fluxrad -g

∣∣∣
0.01

skybrite-i,

sof_depth-g, sigma_mag_zero-r
∣∣∣
0

0.40 < z < 0.55 fwhm_fluxrad -r, skybrite-r, skybrite-g,
fwhm_fluxrad -i

∣∣∣
0.01

fgcm_gry-r, skybrite-r
∣∣∣
0

0.55 < z < 0.70 stellar_dens, sfd98, fwhm_fluxrad -i,
fwhm_fluxrad -r, fwhm_fluxrad -g, skybrite-r

∣∣∣
0.01, 0

0.70 < z < 0.85 stellar_dens, fwhm_fluxrad -r, fwhm_fluxrad -i,
sfd98, fwhm_fluxrad -g, t_eff_exptime-z,
fwhm_fluxrad -r

∣∣∣
0.01

fgcm_gry-i
∣∣∣
0

0.85 < z < 0.95 sfd98, skybrite-r, fwhm_fluxrad -r, fwhm_fluxrad -g,
skybrite-g, airmass-z, t_eff_exptime-z

∣∣∣
0.01

fwhm_fluxrad -z, fwhm_fluxrad -r
∣∣∣
0

0.95 < z < 1.05 skybrite-r, sfd98, stellar_dens, fwhm_fluxrad -g,
fwhm_fluxrad -r, skybrite-g, airmass-r,
t_eff_exptime-z, skybrite-r, sfd98, stellar_dens,
airmass-z, fwhm_fluxrad -i, fwhm_fluxrad -g,
fwhm_fluxrad -z, skybrite-r

∣∣∣
0.01, 0

redMaGiC
Redshift bin SP maps to correct for
0.15 < z < 0.35 skybrite-i, t_eff_exptime-z

∣∣∣
0.01

sigma_mag_zero-r
∣∣∣
0

0.35 < z < 0.50 skyvar_uncert-r, airmass-r, t_eff_exptime-z,
sof_depth-r, skybrite-i

∣∣∣
0.01, 0

0.50 < z < 0.65 stellar_dens, skyvar_uncert-r, t_eff_exptime-z,
t_eff_exptime-r

∣∣∣
0.01

fwhm_fluxrad -i
∣∣∣
0

0.65 < z < 0.80 stellar_dens, fwhm_fluxrad -r, sof_depth-r,
t_eff_exptime-z

∣∣∣
0.01

fgcm_gry-i, sigma_mag_zero-r
∣∣∣
0

0.80 < z < 0.90 stellar_dens, skyvar_uncert-r, sfd98, fwhm_fluxrad -r,
fwhm_fluxrad -z

∣∣∣
0.01

sof_depth-r, t_eff_exptime-g
∣∣∣
0

Table A.2: List of significant maps under the alternative metric and ordering by
χ2
w(θ) for MagLim (top table) and redMaGiC (bottom table). The vertical lines

correspond to the iteration the process stops at when setting χ2
w(θ), thr = 0.0, 0.01.

Comparing this with Tables 5.2 and 5.3 it can be seen that the maps appear in a
different order while the number of maps is between the classical cases of T1D = 2 and
4, except for the last redshift bins of both samples, at which the number increases.

highest χ2
w(θ) as well. When ordering by χ2

w(θ) we observe that the order of the maps
changes significantly while at the first redshift bins the number of them corresponds
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to classical cases with T1D = 2 or between this value and 4. At the last redshift bins
of both MagLim and redMaGiC the number of maps that the ISD-II pipeline
corrects for is higher, though. Similar to the classical metric, this is caused by
correlations between maps and by fluctuations near χ2

w(θ), thr when this is very strict.
We find no SP maps lying on the region S1D < T1D and χ2

w(θ) > χ2
w(θ), thr, so it would

not be necessary to marginalise over the contamination if we would have used the
weight maps derived with this method for our cosmology analysis. We have not make
the ISD-II weight maps go through our whole set of validation tests, although given
the characteristics of this method we expect similar results to those from section
6. The estimator bias measures the degree of bias introduced by combining the
weighting of the data with the estimator for w(θ), so we do not expect this to change
significantly. The false correction bias should be lower for the S1D ordering, because
its trend is to slightly shorten the list of SP maps. For this reason, the residual
systematic bias and the impact on parameter inference are the most important tests
to conduct. We should probably run a complete validation on the weight maps
derived from the χ2

w(θ) ordering.

Finally, we consider that the application of this alternative metric can be of interest
in the future, because it allows to follow up the impact of the individual SP maps
on the clustering while it does not compromise the systematic uncertainty of the
recovered correlation function. This is especially important, as we expect the sta-
tistical error to be further reduced in future analyses. This metric can also be used
as a validation test for the classical metric itself, since they both yield compatible
results.
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Appendix B

False correction bias at other redshift
bins of MagLim and redMaGiC

In this appendix we show the effect of the false correction bias, i.e. the effect of
overcorrection due to chance correlation, on the rest of the redshift bins of MagLim
(Figures B.1, B.2 and B.3) and redMaGiC (Figures B.4 and B.5). The effect on
the first redshift bin of the two samples in shown in Figure 6.4. As it can be seen,
the impact on the recovered correlation function at each bin from both ISD-PC<50
(blue line) and ISD-STD34 (orange line) weights is negligible compared with the
uncontaminated mocks (black line).

Figure B.1: False correction bias on w(θ) at the second redshift bin of MagLim.
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Figure B.2: False correction bias on w(θ) at the third and fourth redshift bins of
MagLim.
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Figure B.3: False correction bias on w(θ) at the fifth and sixth redshift bins of
MagLim.
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Figure B.4: False correction bias on w(θ) at the second and third redshift bins of
redMaGiC.
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Figure B.5: False correction bias on w(θ) at the fourth and fifth redshift bins of
redMaGiC.
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Appendix C

Residual systematic bias at other
redshift bins of MagLim and
redMaGiC

In this appendix we show the effect of the residual systematic bias, i.e. the effect of
undercorrection due to contamination not accounted for, on the rest of the redshift
bins of MagLim (Figures C.1, C.2 and C.3) and redMaGiC (Figures C.4, C.5
and C.6). The effect on the first redshift bin of both samples, where this bias is
more noticeable, is shown in Figure 6.6. As it can be seen, the ISD-PC<50 weights
perform very well at all redshift bins of the two galaxy samples, although there is
a small level of undercorrection at their second bin. On the other hand, it can be
seen how the ISD-STD34 weights yield a more remarkable level of undercorrection
at this bin. As we mention in Section 6.4, this is not unexpected, since we imprint
an aggressive level of contamination to the mocks and then we are decontaminating
using a smaller subset of STD maps. For both SP bases, the undercorrection effect
decreases as we go to higher redshift.
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Figure C.1: Residual systematic bias on w(θ) at the second and third redshift bins
of MagLim.
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Figure C.2: Residual systematic bias on w(θ) at the fourth and fifth redshift bins
of MagLim.
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Figure C.3: Residual systematic bias on w(θ) at the sixth redshift bin of MagLim.

Figure C.4: Residual systematic bias on w(θ) at the second redshift bin of red-
MaGiC.
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Figure C.5: Residual systematic bias on w(θ) at the third and fourth redshift bins
of redMaGiC.
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Figure C.6: Residual systematic bias on w(θ) at the fith redshift bin of redMaGiC.
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Appendix D

Additional validation tests at other
redshift bins of redMaGiC and
MagLim

Here we show the recovered angular correlation functions for redMaGiC (Figures
D.1 and D.2) and for MagLim (Figures D.3, D.4 and D.5) at the rest of their redshift
bins from the different configurations of ISD and ENet presented in Chapter 7. As
it can be seen in the figures, all methods and configurations are compatible within
the statistical error. It can be seen how the NN-weights, that do not assume any kind
of linearity, do not yield lower clustering amplitudes. Actually, at the last redshift
bin of redMaGiC they return an amplitude that is ∼ 1σ higher than that given by
the other methods. Nevertheless, we note that this method has not gone through
an extensive validation process. We have obtained no NN-weights for MagLim.
Focusing on ISD-PC107, it can be seen how the trend to overcorrect disappears
as we move to higher redshifts in both galaxy samples. This is better depicted by
Figures D.6 and D.7 for redMaGiC and Figures D.8, D.9 and D.10 for MagLim.
These Figures show the different mean w(θ) recovered after using ISD-PC<50 (blue
line) and ISD-PC107 (purple line) weights on ENet-STD107 contaminated mocks,
as explained in Section 7.4. Interestingly, at the last bin of MagLim it can be seen
how the ISD-PC107 weights produce a significant reduction of clustering amplitude
(Figure D.5) without inducing a significant overcorrection on the mocks (Figure
D.10). The last two redshift bins of MagLim are not used in the cosmology analyses,
after resulting in problematic fits. This issue has been investigated from the point of
observational systematics [202], without finding them to be an explanation. Then,
it has been found that the galaxy-galaxy lensing amplitude of these bins is too low
with respect to the theory prediction [191]. Since magnification has most impact at
these redshift bins [82], part of this issue could be caused by an overestimation of
the magnification parameters for these bins. In any case, these two bins have low
signal-to-noise and they are the less contributing to the 3×2pt analysis [68], so they
are simply removed from the fits.
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Figure D.1: Recovered w(θ) at the second and third redshift bins of redMaGiC
with weights from different methods and configurations. Solid red line corresponds
to the unweighted data.
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Figure D.2: Recovered w(θ) at the fourth and fifth redshift bins of redMaGiC
with weights from different methods and configurations. Solid red line corresponds
to the unweighted data.
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Figure D.3: Recovered w(θ) at the second and third redshift bins of MagLim with
weights from different methods and configurations. Solid red line corresponds to the
unweighted data.
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Figure D.4: Recovered w(θ) at the fourth and fifth redshift bins of MagLim with
weights from different methods and configurations. Solid red line corresponds to the
unweighted data.
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Figure D.5: Recovered w(θ) at the sixth redshift bin of MagLim with weights from
different methods and configurations. Solid red line corresponds to the unweighted
data.
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Figure D.6: Recovered w(θ) after applying ISD-PC107 (purple line) and ISD-
PC<50 (blue line) weights to ENet-STD107 contaminated mocks (red line), com-
pared with the uncontaminated mocks (black line), at the second and third redshift
bins of the redMaGiC sample.
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Figure D.7: Recovered w(θ) after applying ISD-PC107 (purple line) and ISD-
PC<50 (blue line) weights to ENet-STD107 contaminated mocks (red line), com-
pared with the uncontaminated mocks (black line), at the fourth and fifth redshift
bins of the redMaGiC sample.
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Figure D.8: Recovered w(θ) after applying ISD-PC107 (purple line) and ISD-
PC<50 (blue line) weights to ENet-STD107 contaminated mocks (red line), com-
pared with the uncontaminated mocks (black line), at the second and third redshift
bins of the MagLim sample.
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Figure D.9: Recovered w(θ) after applying ISD-PC107 (purple line) and ISD-
PC<50 (blue line) weights to ENet-STD107 contaminated mocks (red line), com-
pared with the uncontaminated mocks (black line), at the fourth and fifth redshift
bins of the MagLim sample.

218



Figure D.10: Recovered w(θ) after applying ISD-PC107 (purple line) and ISD-
PC<50 (blue line) weights to ENet-STD107 contaminated mocks (red line), com-
pared with the uncontaminated mocks (black line), at the sixth redshift bin of the
MagLim sample.
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BINS OF REDMAGIC AND MAGLIM
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Appendix E

Detecting non-linear contamination
with ISD

If an SP map produces a non-linear contamination, then ISD may not be able to
completely correct for it, resulting on a 1D relation incompatible with no systematic
effect, as it is explained in Section 5.1.2. Then, we would expect to have high χ2

null

values for these kind of maps from the weighted sample. We check this by comparing
the χ2

null distributions obtained after applying the fiducial ISD-PC<50 weights with
a χ2 distribution with the same degrees of freedom as 1D bins, ten in our case. The
results for redMaGiC are shown in Figures E.1, E.2 and E.3 and for MagLim in
Figures E.4, E.5 and E.6. As it can be seen, we observe no significant departures
from the behaviour of a χ2 distribution with ten degrees of freedom for any of our
samples. We conclude then that there is no clear evidence of the presence of non-
linear contamination on the corrected data. This is another proof of the robustness
of our correction and methodology.

Figure E.1: χ2
null distribution after applying ISD-PC<50 weights to the first redshift

bin of redMaGiC, compared with a χ2 with ten degrees of freedom.
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APPENDIX E. DETECTING NON-LINEAR CONTAMINATION WITH ISD

Figure E.2: χ2
null distribution after applying ISD-PC<50 weights to the second and

third redshift bins of redMaGiC, compared with a χ2 with ten degrees of freedom.

222



Figure E.3: χ2
null distribution after applying ISD-PC<50 weights to the fourth and

fifth redshift bins of redMaGiC, compared with a χ2 with ten degrees of freedom.
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APPENDIX E. DETECTING NON-LINEAR CONTAMINATION WITH ISD

Figure E.4: χ2
null distribution after applying ISD-PC<50 weights to the first and

second redshift bins of MagLim, compared with a χ2 with ten degrees of freedom.
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Figure E.5: χ2
null distribution after applying ISD-PC<50 weights to the third and

fourth redshift bins of MagLim, compared with a χ2 with ten degrees of freedom.
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APPENDIX E. DETECTING NON-LINEAR CONTAMINATION WITH ISD

Figure E.6: χ2
null distribution after applying ISD-PC<50 weights to the fifth and

sixth redshift bins of MagLim, compared with a χ2 with ten degrees of freedom.
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