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Standard cosmology: successes and challenges

• The standard model is very successful in reproducing the 
dynamics and observed structures of the Universe

• But it is confronted to the evidence for a “dark” Universe

Planck Collaboration Credit: NASA, ESA and R. Massey
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Weak Gravitational Lensing and the Cosmic Shear

NASA/ESA

Original galaxy Magnification Shear

...measure the slight 
modification of observed 
galaxy shapes for  
~2 billions of galaxiesUnknown

• Light from distant sources is slightly deflected by the 
gravitational field of intervening matter along the line of sight

• Two main applications
- Study dark matter on various scales
- Constrain cosmology: using “Cosmic Shear”

• “Cosmic Shear”: weak lensing of background galaxies by 
foreground large-scale structures
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Measuring the Cosmic Shear: difficult!

Observed galaxies: small, blurred, noisy, undersampled!

Big Data in Astrophysics B. Joachimi

Measuring gravitational shear

from H. Hoekstra

Viola, Kitching & BJ (2014)

Cartesian components of galaxy ellipticity

• 'noise bias' in ellipticity estimates

→ need to calibrate on simulations

→ simulations require realistic 

     galaxy parameters

→ get these from low-noise deep data

→ drives Euclid deep fields

From H. Hoekstra



• Accurate shear measurement is difficult
- Billions of galaxies / large sky areas to reduce statistical errors

- Very weak signal, easily corrupted by many systematic effect     
=> requires extremely tight control on systematic errors

- Observed galaxies are faint, under-sampled, low S/N ratio

- An inverse problem: no unique solution

Measuring the Cosmic Shear: challenges
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4.1. Principles and challenges

Intrinsic Galaxy
(shape unknown)

Gravitational Lensing 
causes a shear

Image is convolved 
with the PSF

Image produced by 
detector is pixelated

Various sources of noise 
degrade the image

Figure 4.1: Upper panel: schematic view of the different intervening processes, from the
formation of the galaxy image to its restitution by the detector. (1) The original image (shape
unknown) is changed with an unknown amount of shear to be estimated (2). The effect is
exaggerated ª 10 times here. The sheared image is then (3) convolved with the PSF resulting
e.g. from the telescope and atmosphere. The resulting blurred image is further altered by a
nearly constant sky background noise and pixelated (4). Finally (5), Poisson and Gaussian
noised are generated during the image acquisition and restitution. Lower panel: star image
experiences a similar sequence of transformation, except that the shear effect is negligible.
Picture adapted from the GREAT08 handbook (Bridle et al. 2009).

refer to the corresponding shape as the sheared galaxy shape. The real galaxy shape
prior to gravitational lensing (i.e. unsheared) is referred to as the intrinsic shape.

3. Shear measurement: extract the shear signal from the sheared galaxy shapes estimated in
the previous step. The shear field can seldom be assumed constant. A spatially-varying
shear field is commonly described by two-point statistics such as a power spectrum or a
correlation function. A shear estimator that relates the shear to the shape or light profile
of the observed galaxy image must be defined.

4. Pixelation and noise: additional steps can be incorporated to correct the images from
these effects, prior or during the determination of the shear, to improve the overall
accuracy of the measurement.

Prior to performing these steps, non-trivial tasks are to identify, stars and galaxies, separate
them and select the objects suitable for shear measurement. We do not consider here that
such tasks should be carried out by the shear measurement method itself.

How to approach the shear measurement problem and how to solve it are the focus of active
research, which we review in Sect. 4.3.

85

Bridle et al., 2008
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Shear measurement methods: main approaches
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• Estimation from second-brightness moments

- KSB/KSB+

• Analytical decomposition of galaxy images/shapes

- Shapelets, Reglens

• Fit parametric model to galaxy profile

- im3shape, lensfit, StackFit, gFit

• Lensing community: STEP, GREAT initiatives to help 
improve algorithms through blind simulations
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Typical shear measurement issues

• Shear measurement biases

• Applying the method on real data
- Images are never perfectly clean, sensitivity to artefacts

- Account for color, eliminate galaxy blends, etc. 

• Processing time per galaxy
- About 1sec / galaxy, too large even on a parallel cluster

6 Mandelbaum, Rowe, et al.

(e.g., Heymans et al. 2012; Hamana et al. 2013). In con-
trast, the PSF due to the optics varies relatively slowly
with time. The optical PSF is commonly described as
a combination of di↵raction plus aberrations (possibly
up to quite high order). Both the atmospheric and op-
tical PSF have some spatial coherence, qualitatively like
lensing shear, though the scaling with separation is not
identical.
The e↵ect of the PSF on the galaxy shapes that we

wish to measure is twofold: first, applying a roughly cir-
cular blurring kernel tends to dilute the galaxy shapes,
making them appear rounder by an amount that depends
on the ratio of galaxy and PSF sizes. Correction for this
dilution can easily be a factor of 2 for typical galaxies,
for which we wish to measure shears to 1%. Second,
the small but coherent PSF anisotropies can leak into
the galaxy shapes if not removed, mimicking a lensing
signal.
Stars in the images are e↵ectively point sources be-

fore blurring by the PSF, and hence are measures of the
PSF. However, the PSF must be estimated from them
and then interpolated to the positions of galaxies. For a
summary of some common methods of PSF estimation
and interpolation, see Kitching et al. (2013).

2.5. Summary of e↵ects

Fig. 1 summarizes the main e↵ects that go into a weak
lensing observation. The galaxy image is distorted as it is
deflected by mass along the line-of-sight from the galaxy
to us. This is the desired signal. It is then further dis-
torted by the atmosphere (for a ground-based telescope),
telescope optics, and pixelation on the detector; these ef-
fects collectively form the PSF and are equivalent to con-
volution30 with a blurring kernel. The images have noise,
which can cause a bias when solving the non-linear prob-
lem of estimating the original shear, and there are also
detector e↵ects (not shown here). Given that upcom-
ing datasets will have hundreds of million or billions of
galaxies, removing these nuisance e↵ects to sub-percent
precision is a necessary but formidable challenge.

3. IMPORTANT ISSUES IN THE FIELD

The goal of this challenge is to address three major
open issues in the field of weak lensing, as determined by
a consensus among the community. These could conceiv-
ably be limiting systematic errors for weak lensing sur-
veys beginning this year, but their importance has not
been systematically quantified in a community challenge.
In the interest of making a fair test of these issues, we
exclude other issues that were deemed to be of lesser im-
portance for now (§6). The GREAT3 challenge consists
of experiments that can test each of the issues below sep-
arately, so that people who are interested in only certain
issues can still participate.

3.1. Realistic galaxy morphologies

Multiple studies have shown that no method of shape
measurement based on second moments can be com-
pletely independent of the details of the galaxy popu-
lation (e.g., morphology and substructure), because the

30 This equivalence is valid in the limit that these functions are
continuous. For data that are discretely sampled, it is important
to ensure that they are Nyquist sampled, otherwise the statement
that pixelation can be treated as a convolution is false.

Fig. 3.— Real galaxies from the HST as observed by the Ad-
vanced Camera for Surveys (ACS) in the COSMOS survey (Koeke-
moer et al. 2007; Scoville et al. 2007b,a). The top left shows a
galaxy that is well-fit by a simple parametric model from Lackner
& Gunn (2012). The bottom left shows a galaxy that is reason-
ably well-fit but with additional substructure evident. The right
side shows a true “irregular” galaxy that is not well-fit by simple
parametric models with ⇠ 10 parameters.

shear couples the second moments to the higher-order
moments (Massey et al. 2007a; Bernstein 2010; Zhang &
Komatsu 2011). This issue is particularly pressing given
that several state-of-the-art shape measurement methods
(see Appendix A) are based on fitting relatively simple
galaxy models or are based on a decomposition into ba-
sis functions that cannot necessarily describe galaxy pro-
files in detail (Voigt & Bridle 2010; Melchior et al. 2010).
More complex decompositions into basis functions often
can describe more complex galaxies, but at the expense
of introducing many tens or > 100 parameters, making
them impractical for typical images with typical signal-
to-noise ratios S/N ⇠ 10–20 (see §5.3 for the formal
definition of this quantity). In addition, methods that
measure galaxy distortions (§2.1) require an estimate of
the intrinsic RMS galaxy distortion to convert to an en-
semble shear, resulting in another type of dependency on
the underlying nature of the galaxy population.
As an illustration of this problem, Fig. 3 shows several

typical galaxies in high-resolution data from the Hub-
ble Space Telescope (HST). Only a few tens of percent
(⇠ 20%) of galaxies can be perfectly fit by simple galaxy
models such as those commonly used by model-fitting
methods today (e.g., top left); nearly half can be fit by
them, but with additional substructure clearly evident
(e.g., bottom left); and a few tens of percent (⇠ 30%)
are true “irregulars” that cannot be fit by simple models
at all (right panel). The GREAT08 and GREAT10 chal-
lenges used simple galaxy models, which motivates us
to explore the impact of realistic galaxy morphology on
shape measurement in the GREAT3 challenge, thus con-
straining “underfitting biases”31. Nearly all lensing data
is lower resolution than what is shown in Fig 3; however,
for this particular scientific application, we have reasons
to believe that what we do not know (the unresolved, de-
tailed galaxy morphology) does hurt us at some unknown
level. One goal of the GREAT3 challenge is to quantify
the extent to which that statement is true.
The galaxies used for these simulations therefore come

from HST. The technique for rendering the appearance

31 These are biases in an M -parameter fit that arise when the
true image has N > M parameters, and some of the N �M addi-
tional parameters correlate with the shear; e.g., Bernstein 2010.

Sérsic galaxy models in weak lensing shape measurement 3

Figure 1. A demonstration of the concept of noise and model bias interaction. Left-hand side postage stamps show the images which are going to be fit with
a parametric galaxy model. Right-hand side postage stamps are the images of best fitting models. In this work we compare the results of two simulations.
Simulation 1 uses the real galaxy image directly to measure noise bias, model bias and their interaction jointly in a single step (blue dot-dashed ellipse).
Simulation 2 first finds the best fitting parametric model to a real galaxy image (black solid galaxy cartoon), and create it’s model image (dashed magenta
ellipse). This process introduces the model bias. The next step is to measure the noise bias using this best fitting image as the true image. The fit to the noisy
image is represented by red dotted ellipse. In this simulation noise and model bias interaction terms are absent. The difference of the results of Simulations 1
and 2 measures the strength of noise and model bias interaction terms.

It is worth to note that some shear measurement methods ap-
ply a fully Bayesian formalism and use a full posterior shear proba-
bility (Bernstein & Armstrong 2013) in subsequent analyses. These
methods are considered to be free of noise and model related biases
and present a promising alternative approach to problems studied
in this paper.

This paper is organised as follows. Section 2 contains the prin-
ciples of cosmic shear analysis. In Section 3 we present the analytic
formulae for noise and model bias interaction, as a generalisation of
the noise bias equations derived in R12. We present a toy model for
the problem in section 4. In Section 5 we use the COSMOS sample
to evaluate the noise and model biases, and show the significance
of the interaction terms. We conclude in Section 6.

2 SYSTEMATIC ERRORS IN MODEL FITTING

In this section, first we present the basics of the model fitting ap-
proach to shear measurement and then discuss the biases it intro-
duces. We discuss the requirements on this bias in the context of
current and future surveys. Then we introduce analytical expres-

sions for the noise bias, including interaction terms with the model
bias.

2.1 Shear and ellipticity

Cosmic shear as cosmological observable can be related to the
gravitational potential between the distant source galaxy and an
observer (see Bernstein & Jarvis 2002, for reviews). Ellipticity is
defined as a complex number

e =
a− b
a+ b

e2iφ, (1)

where a and b are the semi-major and semi-minor axes, respec-
tively, and φ is the angle (measured anticlockwise) between the x-
axis and the major axis of the ellipse. The observed (lensed) galaxy
ellipticity is modified by the complex shear g = g1 + ig2 in the
following way

el =
ei + g
1 + g∗ei

. (2)

c⃝ 2011 RAS, MNRAS 000, 1–11
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It is worth to note that some shear measurement methods ap-
ply a fully Bayesian formalism and use a full posterior shear proba-
bility (Bernstein & Armstrong 2013) in subsequent analyses. These
methods are considered to be free of noise and model related biases
and present a promising alternative approach to problems studied
in this paper.

This paper is organised as follows. Section 2 contains the prin-
ciples of cosmic shear analysis. In Section 3 we present the analytic
formulae for noise and model bias interaction, as a generalisation of
the noise bias equations derived in R12. We present a toy model for
the problem in section 4. In Section 5 we use the COSMOS sample
to evaluate the noise and model biases, and show the significance
of the interaction terms. We conclude in Section 6.
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In this section, first we present the basics of the model fitting ap-
proach to shear measurement and then discuss the biases it intro-
duces. We discuss the requirements on this bias in the context of
current and future surveys. Then we introduce analytical expres-

sions for the noise bias, including interaction terms with the model
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Cosmic shear as cosmological observable can be related to the
gravitational potential between the distant source galaxy and an
observer (see Bernstein & Jarvis 2002, for reviews). Ellipticity is
defined as a complex number

e =
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where a and b are the semi-major and semi-minor axes, respec-
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el =
ei + g
1 + g∗ei

. (2)

c⃝ 2011 RAS, MNRAS 000, 1–11

Kacprzak et al, 2013

Mandelbaum et al., 
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(e.g., Heymans et al. 2012; Hamana et al. 2013). In con-
trast, the PSF due to the optics varies relatively slowly
with time. The optical PSF is commonly described as
a combination of di↵raction plus aberrations (possibly
up to quite high order). Both the atmospheric and op-
tical PSF have some spatial coherence, qualitatively like
lensing shear, though the scaling with separation is not
identical.
The e↵ect of the PSF on the galaxy shapes that we

wish to measure is twofold: first, applying a roughly cir-
cular blurring kernel tends to dilute the galaxy shapes,
making them appear rounder by an amount that depends
on the ratio of galaxy and PSF sizes. Correction for this
dilution can easily be a factor of 2 for typical galaxies,
for which we wish to measure shears to 1%. Second,
the small but coherent PSF anisotropies can leak into
the galaxy shapes if not removed, mimicking a lensing
signal.
Stars in the images are e↵ectively point sources be-

fore blurring by the PSF, and hence are measures of the
PSF. However, the PSF must be estimated from them
and then interpolated to the positions of galaxies. For a
summary of some common methods of PSF estimation
and interpolation, see Kitching et al. (2013).

2.5. Summary of e↵ects

Fig. 1 summarizes the main e↵ects that go into a weak
lensing observation. The galaxy image is distorted as it is
deflected by mass along the line-of-sight from the galaxy
to us. This is the desired signal. It is then further dis-
torted by the atmosphere (for a ground-based telescope),
telescope optics, and pixelation on the detector; these ef-
fects collectively form the PSF and are equivalent to con-
volution30 with a blurring kernel. The images have noise,
which can cause a bias when solving the non-linear prob-
lem of estimating the original shear, and there are also
detector e↵ects (not shown here). Given that upcom-
ing datasets will have hundreds of million or billions of
galaxies, removing these nuisance e↵ects to sub-percent
precision is a necessary but formidable challenge.

3. IMPORTANT ISSUES IN THE FIELD

The goal of this challenge is to address three major
open issues in the field of weak lensing, as determined by
a consensus among the community. These could conceiv-
ably be limiting systematic errors for weak lensing sur-
veys beginning this year, but their importance has not
been systematically quantified in a community challenge.
In the interest of making a fair test of these issues, we
exclude other issues that were deemed to be of lesser im-
portance for now (§6). The GREAT3 challenge consists
of experiments that can test each of the issues below sep-
arately, so that people who are interested in only certain
issues can still participate.

3.1. Realistic galaxy morphologies

Multiple studies have shown that no method of shape
measurement based on second moments can be com-
pletely independent of the details of the galaxy popu-
lation (e.g., morphology and substructure), because the

30 This equivalence is valid in the limit that these functions are
continuous. For data that are discretely sampled, it is important
to ensure that they are Nyquist sampled, otherwise the statement
that pixelation can be treated as a convolution is false.

Fig. 3.— Real galaxies from the HST as observed by the Ad-
vanced Camera for Surveys (ACS) in the COSMOS survey (Koeke-
moer et al. 2007; Scoville et al. 2007b,a). The top left shows a
galaxy that is well-fit by a simple parametric model from Lackner
& Gunn (2012). The bottom left shows a galaxy that is reason-
ably well-fit but with additional substructure evident. The right
side shows a true “irregular” galaxy that is not well-fit by simple
parametric models with ⇠ 10 parameters.

shear couples the second moments to the higher-order
moments (Massey et al. 2007a; Bernstein 2010; Zhang &
Komatsu 2011). This issue is particularly pressing given
that several state-of-the-art shape measurement methods
(see Appendix A) are based on fitting relatively simple
galaxy models or are based on a decomposition into ba-
sis functions that cannot necessarily describe galaxy pro-
files in detail (Voigt & Bridle 2010; Melchior et al. 2010).
More complex decompositions into basis functions often
can describe more complex galaxies, but at the expense
of introducing many tens or > 100 parameters, making
them impractical for typical images with typical signal-
to-noise ratios S/N ⇠ 10–20 (see §5.3 for the formal
definition of this quantity). In addition, methods that
measure galaxy distortions (§2.1) require an estimate of
the intrinsic RMS galaxy distortion to convert to an en-
semble shear, resulting in another type of dependency on
the underlying nature of the galaxy population.
As an illustration of this problem, Fig. 3 shows several

typical galaxies in high-resolution data from the Hub-
ble Space Telescope (HST). Only a few tens of percent
(⇠ 20%) of galaxies can be perfectly fit by simple galaxy
models such as those commonly used by model-fitting
methods today (e.g., top left); nearly half can be fit by
them, but with additional substructure clearly evident
(e.g., bottom left); and a few tens of percent (⇠ 30%)
are true “irregulars” that cannot be fit by simple models
at all (right panel). The GREAT08 and GREAT10 chal-
lenges used simple galaxy models, which motivates us
to explore the impact of realistic galaxy morphology on
shape measurement in the GREAT3 challenge, thus con-
straining “underfitting biases”31. Nearly all lensing data
is lower resolution than what is shown in Fig 3; however,
for this particular scientific application, we have reasons
to believe that what we do not know (the unresolved, de-
tailed galaxy morphology) does hurt us at some unknown
level. One goal of the GREAT3 challenge is to quantify
the extent to which that statement is true.
The galaxies used for these simulations therefore come

from HST. The technique for rendering the appearance

31 These are biases in an M -parameter fit that arise when the
true image has N > M parameters, and some of the N �M addi-
tional parameters correlate with the shear; e.g., Bernstein 2010.
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• In a few years time massive WL surveys will begin

• From Space:
- ESA Euclid, 1.2m telescope (~2020)

- NASA WFIRST, 2.4m telescope (~2020)

• From the ground:
- LSST 8.4m Telescope (~2023)

- SKA (Square Kilometre Array) Radio Telescope (~2020)

• Goal: measure cosmological parameters within 1% error

• Will shear measurement methods be ready?

Next-generation Weak Lensing Surveys
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Bias Requirements for Euclid-like surveys

• Additive and Multiplicative Biases

M. Gentile, F. Courbin and G. Meylan: GFIT, a maximum likelihood method for shape measurement

Table 1. Approximate targeted multiplicative and additive biases
m and c of current, upcoming and future weak lensing surveys
in terms of area A (deg2), galaxy number density ngal (arcmin�2)
and median redshift z.

S urvey Area ngal z m c
Current 200 15 0.8 2 ⇥ 10�2 1 ⇥ 10�3

Upcoming 5000 15 0.8 4 ⇥ 10�3 6 ⇥ 10�4

Future 15000 35 0.9 1 ⇥ 10�3 3 ⇥ 10�4

and that the error on the shear, �i � �true
i , and the true shear �true

i
obeys a linear relationship of the form

�i � �true
i = mi �

true
i + ci (i = 1, 2) (1)

Although approximate, this metric is generally used in the
literature to quantify the accuracy of shear measurement meth-
ods. Table 1 gives approximate upper limits of allowed bias
for current, upcoming and planned weak lensing surveys based
on the calculations done in e.g. Amara & Réfrégier (2008);
Kitching et al. (2009); Cropper et al. (2013); Massey et al.
(2013).

Examples of surveys in the “current” category are
(CFHTLenS) (Heymans et al. 2012), the Sloan Digital Sky
Survey (SDSS) (Lin et al. 2012; Mandelbaum et al. 2013; Hu↵
et al. 2014), HyperSuprime-Cam (HSC) (Miyazaki et al. 2006;
Takada 2010), the KIlo-Degree Survey (KIDS) (de Jong et al.
2013) and The Dark Energy Survey Collaboration (DES) (The
Dark Energy Survey Collaboration 2005). The “Upcoming” cat-
egory regroups surveys such as the Panoramic Survey Telescope
and Rapid Response System (PanSTARRS) (Kaiser et al. 2010)
and the continuation of the DES and HSC surveys. Among the
“Future” surveys are Euclid (Laureijs et al. 2011), the Wide-
Field InfraRed Survey Telescope (WFIRST) (Green et al. 2012;
Spergel et al. 2013) and the Large Synoptic Survey Telescope
(LSST) (LSST Science Collaboration et al. 2009).

2. The GFIT shape measurement method

2.1. Overview

The GFIT uses a forward model-fitting algorithm to measure
galaxy shapes, meaning that a galaxy model is constructed, con-
volved with a PSF and then compared to the actual galaxy pixel
data. This process is performed in a loop until an acceptable
match is obtained. The best fit is found using maximum like-
lihood, i.e., by minimizing the �2 statistic

�2 =
X

i

X

j

�
oi, j � pi, j

�2

�2
i, j

(2)

where oi, j represents the actual (observed) pixel value at posi-
tion (i, j) and mi, j the pixel value of the PSF-convolved model at
the same position. The quantity �i, j denotes the standard devi-
ation of the noise associated with each pixel. This algorithm is
described in more details in Appendix A.3.

Input galaxy images are assumed to be in the form of postage
stamps arranged on a grid (mosaic) and stored in FITS format.
PSF postage stamps matching each galaxy are also expected to
be accessible in the same form. GFIT also expects galaxy and
PSF images to come with FITS or ASCII catalogs that describe
key properties of the objects, such as their physical coordinates.
The specific catalog columns to use are specified in the GFIT

configuration file. Lastly, model fitting is greatly improved if
estimates for galaxy fluxes and sizes are also available in the
galaxy catalog. Such data can be readily produced by running
e.g. SExtractor (Bertin & Arnouts 1996) on the postage stamp
mosaic. A tool is available to run SExtractor processes in paral-
lel on a large number of images.

The main output of GFIT consists of a catalog containing es-
timates for fitted galaxy intrinsic ellipticity components (e1, e2).
Optionally, by-products of the maximum-likelihood are also pro-
duced, such as best-fitted model parameters and �2 statistics.
Extensive diagnostic information is produced. Currently, GFIT
focuses on shape measurement only and relies on extra software
to estimate the shear field such as Athena 1 (Kilbinger et al.
2014) or TreeCorr 2 (Jarvis et al. 2004).

The code of GFIT is written using a combination of
Python 3, Cython 4 and C 5. The behavior of the software is en-
tirely controlled through configuration files and there is no hard-
coded settings. This allows in particular, to significantly speed
up the process of applying GFIT to survey data. GFIT runs on
symmetric multiprocessor systems (SMP) and computer clusters
that support the Message Passing Interface (MPI) (Forum 1995,
e.g.,), so that large numbers of postage stamps can be processed
in parallel (see Appendix A.4).

GFIT supports a variety of parametric galaxy models (see
Section 2.2) and its modular design allows for new models to
be integrated easily. The same consideration also applies to �2

minimization algorithms (often referred to as “minimizers”). We
discuss model fitting in Section 2.3. The overall GFIT shape
measurement procedure is described in Appendix, Section A.3.

2.2. Galaxy models.

GFIT uses two families of galaxy models, both involving an el-
liptical Sérsic surface brightness profile (refer to Appendix A.5
for a description). It has been shown that the Sérsic powerlaw
can model a wide range of galaxies from early and late type spi-
rals to dwarf and giant elliptical galaxies (e.g., de Vaucouleurs
1948; Sérsic 1963; Sersic 1968; Ciotti 1991; Caon et al. 1993;
Trujillo et al. 2004; Graham & Driver 2005).

The first family is based based on a single-component Sérsic
with seven parameters (see Table 2): a flux (either total flux F
or peak flux I0), a Sérsic index dn, an e↵ective radius dre, two
ellipticity components (e1, e2) such that |e| =

p
e12 + e22 < 1 and

centroid coordinates (xc, yc). Two types of implementations are
available: either using Python code with the traditional Python
libraries, such as NumPy and Scipy (e.g., Jones et al. 2001–a;
Walt et al. 2011), or code based on GalSim, the “modular galaxy
image simulation toolkit” from Rowe et al. (2015).

The second family aims to model the galaxy bulge and disk
(B/D) components by combining two Sérsics: an exponential
Sérsic (index 1) to represent the disk component and a “de
Vaucouleurs” Sérsic (with index 4) (de Vaucouleurs 1948) to
describe the bulge. Both the disk and the bulge share the same
centroid and the same ellipticity. Height parameters are involved
and also summarized in Table 2). The parameter F represents the
total galaxy flux F and the parameters dre and bre respectively
describe the e↵ective radii of the disk and bulge. The d f param-

1 www.cosmostat.org/software/athena/
2 github.com/rmjarvis/TreeCorr
3 www.python.org
4 cython.org
5 www.open-std.org/jtc1/sc22/wg14/

3

• ESA Euclid: Bias requirements to estimate cosmological 
parameters within ~1%

• A tenfold improvement in bias required till the launch of 
Euclid telescope in ~2020…

(Euclid)
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Big Data in Weak Lensing

• Volume
- Euclid imaging survey: 15’000 deg2 ~4 times in mult. bands

          ~10 Petabytes raw space data

• Velocity
- Large Synoptic Telecope (LSST)

          20’000 deg2 in 6 bands, ~15 Terabytes / day raw data rate

- SKA radio survey: ~3 Terabytes / second

• Variety
- Heterogeneous datasets, ground+space, variable depth, 

multiple bands, different cameras, etc.

• Veracity
- Low S/N, missing/incomplete/abnormal data, etc.
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Big Data challenges for shear measurement

• Algorithms currently too slow / high volumes
- Typical method processes ~1 galaxy per second

- Either speed-up algorithms or apply massively distributed 
computing techniques (e.g. map-reduce)

• Algorithms must cope with data variety
- Handle missing/incomplete/abnormal information

- Exploit value in data from different source/nature

• But, Big Data also provides opportunities
- Accessing more data can potentially yield better accuracy

- More high S/N deep data, better calibration  
=> improved bias correction

- Applying new technologies/paradigms - Lessons from industry
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Machine Learning (ML) can help

• All methods rely on calibrations for correcting biases
- Requires expert knowledge in astrophysics

- Requires expert knowledge of the method itself

- Potential for improvements poorly explored so far

• Possibly the use of Machine Learning can help
- Entirely new approaches for shape measurement

- Help improve existing methods: speed, accuracy

• Machine Learning for calibration shown to work

Mapping Dark 
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Machine Learning (ML) can help

• Example: “Pure” ML approach based on simulations

Machine Learning as Direct Measurement
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Machine Learning (ML) can help

• Example: “Hybrid” ML approach: automated bias calibration

Machine Learning as Calibration Scheme
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Summary

• High potential of weak lensing and shear measurement for 
cosmology

• But accurate shear measurement is extremely difficult

• Current algorithms are still insufficiently accurate to help 
discriminate cosmological model within 1% precision

• Algorithms are too slow, especially with upcoming massive 
surveys (Big Data)

• One can learn lessons from the industry or other fields

• Machine Learning techniques can help improving algorithms 
accuracy and speed


