Submitte d to the Annals of Applie d Statistics

HANDBOOK FOR THE GREA T08 CHALLENGE: AN
IMA  GE ANAL YSIS COMPETITION FOR COSMOLOGICAL
LENSING

By Sarah Bridle 1, John Shawe-T aylor 1, Adam Amara 2, Douglas
Applega te 3, Sreekumar T. Balan !, Joel Ber ge*>® Gary
Bernstein 7, Hak on Dahle 8, Thomas Erben °, Mandeep Gill 19,
Alan Heavens!!, Catherine Heymans %19 Wwill High 13, Henk
Hoekstra 4, Mike Jar vis’, Donna cha Kirk !, Thomas Kitching *°,
Jean-P aul Kneib &, Konrad Kuijken 16, David Lagatutt al’,
Rachel Mandelba um?g,

Richard Massey °, Yannick Mellier 19 Baback Moghadd am*®,
Yassir Moudden ©, Reik o Nakajima /, Stephane
Paulin-Henriksson 8, Sandrine Pires ¢, Anais Rassat ¢, Alexandre
Refregier ©, Jason Rhodes #°,

Tim Schrabba ck 16, Elisabett a Semboloni ¢, Marina Shmakova3,
Ludo vic van Waerbeke 12, Dugan Witherick 1, Lisa
Voigt 1, and David Wittman 7.

LUniversity College London, 2University of Hong Kong, 3Stanford Linear

Accelerator Center, “Jet Propulsion Latoratory, °California Institute of

Technolayy, ®Commissariat a I'Energie Atomique, Saclay, ’University of

Pennsylvania, 8Laboratoire dAstrophysiquede Marseille, University of
Bonn, 1°0Ohio State University, 'Royal Observatory, University of
Edinburgh, ?University of British Columbia, 1*Harvard University,

HUniversity of Victoria, °University of Oxford, 16University of Leiden,
YUniversity of California, Davis, *Institute for Advaned Study,

Princeton and °Institut d'Astrophysiquede Paris

The GRavitational IEnsing Accuracy Testing 2008 (GREA T08)
Challenge focuseson a problem that is of crucial importance for fu-
ture obsenations in cosmology The shapes of distant galaxies can
be used to determine the properties of dark energy and the nature
of gravity, becauselight from those galaxiesis bent by gravity from
the intervening dark matter. The obsered galaxy imagesappear dis-
torted, although only slightly, and their shapes must be precisely
disertangled from the e ects of pixelisation, convolution and noise.
The worldwide gravitational lensing community has made signi cant
progress in techniques to measure these distortions via the Shear
TEsting Program (STEP). Via STEP, we have run challengeswithin
our own community, and come to recognisethat this particular im-
age analysis problem is ideally matched to experts in statistical in-
ference, inverse problems and computational learning. Thus, in or-

der to contin ue the progressseenin recert years, we are seeking an
infusion of new ideas from these communities. This document de-
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tails the GREATO08 Challenge for potential participants. Pleasevisit
www.greatO8challenge.info  for the latest information.

1. Intro duction.  Our Universeappearsto be dominated by dark mat-
ter and dark energy(8; 27). Theseare not well described or even understood
by modern science,so studying their properties could provide the next ma-
jor breakthrough in physics. This may ultimately lead to a discovery of a
new class of fundamertal particle or a theory of gravity that supersedes
Einsteins theory of generalrelativity. For this reason,the primary science
drivers of most cosmologicalsurveys are the study of dark matter and dark
energy Funding agenciesworldwide have committed substartial resources
to tackling this problem; seweral of the planned projects will spend tens to
hundreds of millions of taxpayers' Euros on this topic.

Many cosmologistshave concluded that gravitational lensing holds the
most promise to understand the nature of dark matter and dark energy (1;

). Gravitational lensingis the processin which light from distant galaxies
is bent by the gravity of intervening massin the Universeasit travelstowards
us. This bending causesthe shapes of galaxiesto appear distorted (5; 51;

; 36). We can relate measuremets of the statistical properties of this
distortion to those of the dark matter distribution at di erent times in the
history of the universe.From the ewlution of the dark matter distribution
we can infer the main properties of dark energy

To extract signi cant results for cosmology it is necessaryto measure
the distortion to extremely high accuracy for millions of galaxies, in the
presenceof obsenational problems such as blurring, pixelisation and noise
and theoretical uncertainty about the undistorted shapes of galaxies. Our
techniques are good enoughto analysecurrent data but we needa factor of
ten improvemert to capitalise on future surveys,which requiresan injection
of new ideasand expertise. We challengeyou to solve this problem.

Section 2 explains the general problem and presens an overview of our
current methods. Section 3 describesin detail the GREATO08 Challengesim-
ulations, rules and assessmen We concludein Section4 with a summary of
the additional issuesthat arise in more realistic image analysis, that could
be the basisof future GREAT Challenges.

2. The Problem. For the vast majority of galaxiesthe e ect of grav-
itational lensingis to simply apply a matrix distortion to the whole galaxy
image
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Fig 1. lllustration of the invisible dark matter distribution inferred using gravitational
lensing detected in the Cosmic Evolution Survey (COSMOS) (32). The three axes of
the box correspnd to sky position (in right asension and declination), and distance
from the Earth increasing from left to right (as measured by cosmolagical redshift).
Image credit: NASA, ESA and R. Massey (California Institute of Technology).

where a positive “shear' g; stretches an image along the x axis and com-
pressesalong the y axis; a positive shear g, stretches an image along the
diagonaly = x and compressesalongy = x. The coordinate (x, y,) de-
notesa point on the original galaxy image (in the absenceof lensing) and (x,
yi) denotesthe new position of this point on the distorted (lensed)image.
There is also an isotropic scaling that we ignore here. This seemsa sensi-
ble parameterisation to use for the shear becauseit is linear in the mass
(e.g. Kaiser & Squires 1993). The top left two panels of Fig. 2 illustrate
an exceptionally high quality galaxy image before and after application of
a large shear. For cosmic gravitational lensing a typical shear distortion is
g 0:03,therefore a circular galaxy would appearto be an ellipsewith ma-
jor to minor axis ratio of 1.06after shearing.Note that the three-dimensional
shape of the galaxy is not important here; we are concernedonly with the
two-dimensional (projected) shape.

Sincemost galaxiesare not circular, we cannot tell whether any individual
galaxy imagehasbeenshearedby gravitational lensing.We must statistically
combine the measured shapes of many galaxies, taking into accouri the
(poorly known) intrinsic galaxy shapedistribution, to extract information on
dark matter and dark energy Shearcorrelations were rst measuredin 2000



The Forward Process.
Galaxies: Intrinsic galaxy shapes to measured image:

Intrinsic galaxy Gravitational lensing ~ Atmosphere and telescope  Detectors measure Image also
(shape unknown) causes a shear (g) cause a convolution a pixelated image contains noise

Stars: Point sources to star images:

. : .-).-).

Intrinsic star Atmosphere and telescope  Detectors measure Image also

(point source) cause a convolution a pixelated image contains noise

Fig 2. lllustration of the forward problem. The upper panels show how the original galaxy
image is shered, blurred, pixelised and made noisy. The lower panels show the eguivalent
processfor (point-like) stars. We only have accessto the right hand images.

(4; 23; 52; 49) and the most recert results (33; 12) use millions of galaxies
to measurethe clumpinessof dark matter to around 5 percen accuracy
Fig. 1 shows a three-dimensional map of the dark matter reconstructed
by (32). Future surveys plan to use roughly a billion galaxiesto measure
the dark matter clumpinessto extremely high accuracy and thus measure
the properties of dark energy to 1 percert accuracy This will require a
measuremeh accuracyon ead of g; and g, of better than 0.0003.Howewer
this can only be achieved if statistical inferenceproblems can be overcome.

Shear measuremen is an inverse problem. The forward processis illus-
trated in Fig. 2. (i) Each galaxy image begins as a compact shape, which
appears shearedby the operation in Eq. 2.1; (ii) The light passesthrough
the atmosphere(unlessthe telescoge is in space)and telescope optics, caus-
ing the image to be corvolved with a kernel; (iii) Emission from the sky
and detector noise causea roughly constart \background" level to be added
to the whole image; (iv) The detectors sum the light falling in ead square
detector elemen (pixel); and (v) The imageis noisy dueto a combination of
Poissonnoise' in the number of photons arriving in ead pixel, plus Gaus-

!poissonnoisearisesbecausethere is a nite number of photons arriving at the detector
during the xed length of time that the shutter is open. The probability of receiving n
photons in a pixel is therefore given by Pr(nj ) = "e =n! where is the mean number
of photons observed in that pixel during many exposuresof the samelength of time.
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sian noise due to detector e ects. The majority of galaxieswe needto use
for cosmologicalmeasuremets are faint: a typical uncertainty in the total
amount of galaxy light is 5 percen.

Stars are far enough away from us to appear point-lik e. They therefore
provide noisy and pixelisedimagesof the corvolution kernel (lower panelsof
Fig. 2). The corvolution kernelis typically of a similar sizeto the galaxieswe
are observing.If it werenot accouried for, we would therefore underestimate
the shear. The kernel can also be up to ten times more elliptical than the
ellipticity induced by gravitational shear. If this is improperly accourted
for, it can masqueradeas the cosmologicale ect we are trying to measure.
In real astronomical obsenations, the kernel varies acrossa single image
containing hundreds of stars and galaxies, and also from one image to the
next. Sincestars are distributed all over the sky we can usenearby stars on
a given imageto estimate the kernel for a given galaxy.

The most signi cant obstacleto shearmeasuremen is that the intrinsic
shape of ea galaxy is unknown. Eventhe probability distribution function
of possibleshapesfrom which it could have beendrawn is highly uncertain;
we do not even have a good parameterisation for galaxy shapes. We try
to categorisegalaxiesinto three types: spirals (e.g. Fig. 2), ellipticals and
irregulars but many galaxiesare somewherebetweenthe categories.

One good assumption that we can make is that unlensed galaxies are
randomly oriented. In addition we nd that the radially averaged1D galaxy
light intensity prole I(r) iswell t by I(r) = Ioexp (r=ro)¥™ (46) where
lo, rc @and n are free parametersand r is the distance from the certre of the
galaxy. For elliptical galaxiesn 4 (‘de Vaucouleurspro le') and for spirals
n 1 (exponertial prole'). Unfortunately we do not have suitable galaxy
imageswhich are free of pixelisation and convolution from which to learn
about intrinsic galaxy shapes.We can however make low noise obsenations
of somesmall areasof sky.

Methods deweloped sofar by the lensingcommunity are discussedn detail
in the appendicesand referencestherein. At the Challenge launch we will
provide code implemerting some existing methods. Their performance on
earlier blind challengesis discussedin (14; 30). In all existing methods eat
star is analysedto produce someinformation about the corvolution kernel.
This is averagedor interpolated over a number of stars to reducethe noise
and produce information about the kernel at the position of eah galaxy.
The galaxy imageis analysed,taking into accourt the kernel, to producean
estimate of the shear(g; and @) at the position of that galaxy.

Real astronomical data is simply animageof the cortin uousnight sky. The
rst step of any analysis pipeline is therefore to identify stars and galaxies
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The Inverse Problem:
Measured images to shear
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Fig 3. Illustration of the inverse problem. We begin on the right with a set of galaxy and
star images. The full inverse problem would be to derive both the shears and the intrinsic
galaxy shapes. However shaar is the quantity of interest for cosmolagists.

(distinguishing small, faint galaxies from small, faint stars in a noisy im-
ageis a non-trivial task), cut out imagesaround them and estimate the
local badkground level. Since the corvolution kernel also usually varies as
a function of time and image position, the apparert shapes of stars must
be modelled, and the model coe cien ts interpolated to the positions of the
galaxies.Simpli cations have beenmadein the GREATO08 data to eliminate
these steps.

In real data the shear elds g; and g, vary acrossthe sky due to the
clumpinessof dark matter in the Universe.They alsovary with the distance
of the galaxy. It is usually reasonableto assumethat the shearis constart
acrossthe image of a single galaxy. In practice the shearis di erent for eah
galaxy but is zero when averagedover a large survey i.e. hgii = hgpi = 0.
It is necessaryto useimagesof both stars and galaxiesto extract the shear
eld in the presenceof the unknown convolution kernel. In this processour
priority is not to learn about the properties of the unlensedgalaxy images.

Conventionally, the shearinformation from ead galaxy imageis conbined
to produce a statistic that can be predicted from a cosmological model.
For example, the most common statistic is the shear correlation function
howiggj i + hopi Oy 1, (€.9. 5) wherethe averagesare carried out over all galaxy
pairsi andj at a givenangular separationon the sky. The properties of dark
matter and dark energy can then be inferred by calculating the probability
of the obsened statistics as a function of cosmological parameters. The
whole processis illustrated in Fig. 4. Note that GREATO08 focusesertirely
on the processof going from image to shear estimate becausethis is the



HANDBOOK FOR THE GREATO08 CHALLENGE 7

current bottleneck that is hindering further analysis of astronomical data.
Howewer shear measuremeh methods will ultimately needto t into this
larger schemeto be useful for cosmology

3. The GREA T08 Challenge. In the previous Section we described
the generalcosmiclensing problem. In this Sectionwe focuson the speci cs
of the GREATO08 Challenge. We start by describing the properties of the
GREATO08 simulations. We explain how the results are assessedand the
winner determined.

3.1. Simulations. The Challengeimagesare made by simulation, using
the owechart of the forward problem (Fig. 2). We have made a number
of simpli cations which we aim to relax for future GREAT Challenges,as
discussedin Section 5. The simulations consist of many small (roughly 40
by 40 pixel) images,ead containing a single object. The imagesare clearly
labelled as either stars (kernel image) or galaxies. The objects are located
roughly, but not exactly, in the certer of ead image. The imagesare divided
into dierent \sets", ead cortaining thousands of images. All the images
within a set have identical values of the shearg; and g, and an identical
cornvolution kernel. A very large constart is addedto all pixelsin a setand
Poissonnoiseis added to eat pixel. For GREAT08 RealNoise-Knavn and
GREATO08 RealNoise-Blind (see below) the constart is so large that the
noiseis very closeto being Gaussianwith the samevariance for every pixel
in the image. You may useall thesefacts in your analysis.

The star imagesin ead set provide information on the corvolution ker-
nel. To simplify the Challenge we also provide the equations usedto make
these kernel images. Therefore you have the choice of whether to use the
exact equations or the star images provided. In ead star image the star
has a di erent certre position and di erent random noise realization. The
noise level and number of star images should be su cient to reconstruct
the corvolution kernel to a precisionwhere uncertainties in the convolution
kernel are smaller than the small uncertainty due to the nite number of
galaxies.Your challengeis to derive an estimate of the shearapplied to the
galaxy imageswithin ead set.

This Challengeis di cult becauseof the following realistic features: (i)
the extremely high accuracyrequired on the nal answer; (ii) a model for the
galaxiesis not provided, and the galaxy shape and position aredi erent from
imageto image (drawn from someunderlying model which is not disclosed);
(iif) there is convolution and noise;(iv) imagesare pixelised.

To make the Challenge more approadable there are a few sets of low
noisesimulations (GREATO08 LowNoise-Knavn' and "GREATO08 LowNoise-



A full weak lensing pipeline:
The broader context typical for cosmological measurements
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Fig 4. Flowchart indicating the extent of a full conventional cosmic gravitational lensing
data analysis pipeline, from measuring the convolution kernel using the shapes of stars, to
measurements of cosmolagy. The GREATO08 Challenge focusesexclusively on the stepsen-
closel in the box made by the dasheal black line. The nal winners will be determined baseal
solely on estimates of sher. Simulation credit: Andrey Kravtsov (University of Chicago).
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Table 1
Summary of the three GREATO08 simulation suites.
True shears pro vided Blind comp etition
Low noise GREATO08 LowNoise-Known | GREAT08 LowNoise-Blind

Realistic noise | GREATO08 RealNoise-Known | GREATO08 RealNoise-Blind

Blind"). The true shearvaluesare provided for a subsetof these("GREATO08
LowNoise-Knownn') andthereis ablind competition for the remainder CGREATO08
LowNoise-Blind"). The main challenge C(GREAT08 RealNoise-Blind') hasa
realistic, much higher, noiselevel. There are also somesetswith a realistic
noisefor which the true shearsare provided ( GREATO08 RealNoise-Knavn').
It is not possibleto determine the true shearof a galaxy, even with an in -
nite amount of data. Therefore a method that requiresa perfecttraining set
will not be useful in practice. However we will be able to make simulations
of the sky using imperfect galaxy models. To simulate this future situa-
tion, we usea slightly di erent model for the galaxiesin the \Kno wn" sets
than in the \Blind" sets. This meansthat although methods that require
a training set can be used (seerule 4), they may be at a small relatively
realistic disadvantage, depending on the sensitivity of the method to the
galaxy properties.

3.2. Results. Each submissionconsistsof a shearestimate (g; and gy) for
ead setof images,with assaiated 68 per cert error bars. A quality factor is
calculated for eath submissionusing the di erences betweenthe submitted
and true shearvalues.

The goal of the Challengeis to successfullyrecover the true input shear
valuesusedin the simulation, g‘lj , gtzj , for eath setof images,j . You may use
whatever method you like to conbine the shearinformation from ead galaxy
within a set to estimate the shearapplied to the whole set. The submitted
shearvalues,gi'j‘, gg;, will dier from the true valuesdue to the noiseon the
imagesand due to any biasesinduced by the measuremeh method. A good
method would both lter the noisee ectiv ely and have small or non-existert
biases.We de ne the quality factor in terms of the mean squarederror

) 10 4
hhg o ij2x)% ik

wherethe inner angle brackets denotean averageover setswith similar shear
value and observing conditions j 2 k. The outer angle brackets denote an
averageover simulations with di erent true shearsand observingconditions
k and shearcomponerts i. (See24).

(3.1 Q
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A mock leader hoard, showing a potential range of results. Submissions by memkers of
the GREATO08 Team are marked with an asterisk. There are two leader boards: one for

Table 2

GREATO08 LowNoise-Blind and one for GREATO08 RealNoise-Blind.

Name Method Q Error Number of | Date of Last
Flag Submissions | Submission

A. Einstein BestlLets 1001 - 15 25 Dec 2008
Team Bloggs Joel 582 | Warning 2 2 Nov 2008
Dr. Socrates | ArcheoShapes | 116 | Warning 212 23 Sept 2008
W. Lenser* KSB+++ 99 - 12 10 Aug 2008
A. Monkey GuessAgain 1.2 | Warning 5 30 Nov 2008

This deliberately designedto reward methodsthat have small biases.This
is important becausein cosmologywe averageover a very large number of
galaxies and any remaining bias will bias cosmological parameters. This
de nition will also penalisemethods that have small biasesat the expense
of being extremely noisy.

This quartity doesnot include the error bars you submit. We are not in-
terestedin a method which haslarge but accurate error bars sinceit will not
produce tight cosmologicalconstraints. Furthermore the Challenge images
cover only a small (but realistic) range of observing conditions, therefore
it is unlikely that an ultimately useful method would lose the competition
becauseof poor performancein a particular corner of observing condition
parameter spacewhere your method has particularly large error bars.

It hasbeenshown that a systematic variance r(rg{j" gitj ij2k)2iik <107
will be neededto fully utilise future cosmiclensingdata sets(2), correspond-
ing to Q = 1000 (seealso 18; 50). The number of galaxy imagesincluded
in GREATO08 LowNoise-Blind and in GREAT08 RealNoise-Blind are su -
ciernt to test Q to this value. If a single conﬁtart value of zero shear were
submitted (gyj = gg? = Ofor all j) then since I‘gitjziij 0:03 it follows that
Q 0O:1. The existing methods that have beenusedto analyseastronomical
data have Q 10, which was su cien t for those surveys.

The GREATO08 Challenge Winner is the entry with the highest Q value
on GREATO08 RealNoise-Blind. Thesewill be publicly available on a leader
board, as mocked-up in Table 2. Results using sewral existing methods
appearon the leaderboard at the start of the Challenge,to show the current
state-of-the art.

The main diagnostic indicator in the leader board is the quality factor
Q, which determines the ranking of the submissions.As discussedabove,
the quality factor does not take into account the submitted uncertainty
estimates on the shears, whereasan ideal method would calculate these
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reliably. We make an internal estimate of the uncertainties and compare
with your submissionto produce an error ag. If the uncertainty estimates
are on averagewrong to more than a factor of two then this is agged in
the leaderboard. There are no consequencesf the error ag in determining
the winner. The winner may have an error ag warning and will still win,
basedon their Q value.

The data for which true shearsare provided (GREATO08 LowNoise-Known
and GREATO08 RealNoise-Knavn) are releasedpublically in July 2008.The
challengedata (GREATO08 LowNoise-Blind and GREATO08 RealNoise-Blind)
are releasedin fall 2008and the deadlinewill be 6 months after the releaseof
the challenge data. Pleaseseewww.greatO8challenge.info  for the latest
information and discussionsin the GREATO08 section of CosmoCo ee at
www.cosmocoffee.info . The Challengedeadlineis to be followed by a more
detailed report making use of the internal structure of the simulations to
identify which obsenational conditions favour which method. We hope this
will lead to a publication and workshop.

4. Conclusions. The eld of cosmicgravitational lensing has recertly
seengreat successesn measuringthe distribution of dark matter. Indeed,
hundreds of millions of Euros will soon be spent on exciting new surveysto
determine the nature of the two fundamertal (yet quite mysterious) materi-
alsthat arethe most commonin our Universe.Uniquely amongcosmological
tests, measuremets of cosmiclensing are not currently limited by compli-
cated astrophysical processesoccurring half-way acrossthe Universe, but
by improved techniques for statistical image analysis right here on Earth.
Cosmologistshave hosted seeral shearmeasuremeh competitions amongst
themseles,and developed several methods that achieve an accuracyof a few
percen. However, reaching the accuracyrequired by future surveysneedsa
freshapproad to the problem. The GREATO08 Challengeis designedto seek
out your expertise. Aside from the academicinterest in solving a challenging
statistical problem, successfulmethods are absolutely essetial for further
advancesin cosmologicalinvestigations of dark matter and dark energy

GREATO08 marks the rst time that the challengeof high precisiongalaxy
shape measuremets has beenset outside the gravitational lensing commu-
nity, and as such marks a rst step in a global e ort to dewelop the next
generation of cosmologicaltools using expertise, experienceand techniques
coming from a broad disciplinary base.The eld of gravitational lensingis
expectedto grow at an increasingrate over the coming decadebut an injec-
tion of new ideasis vital if we are to take full advantage of the potential of
lensingto bethe most powerful cosmologicalprobe. The GREAT Challenges


www.great08challenge.info
www.cosmocoffee.info

12

can therefore be seenas a comprehensie serieswhere the goal of eah step
is both to bring new insight and to tackle more complicated problems than
the previous step.

5. GREA T08 Simpli cations and Future Challenges. The GREATO08
Challengeoutlined in this documert is a di cult challenge despite the sim-
plifying assumptionswhich include:

Constant Shear:Within eadt setofimagesthe shearis constart whereas
in real data shearis a spatially varying quartit y from which correlation
statistics are usedto measureproperties of the Universe.

Constant Kernel: Within ead set the corvolution kernel is constart
whereasin real data this is a spatially and time varying quartit y that
also needsto be measuredand interpolated betweengalaxy positions.
Simple Kernel: The convolution kernels used in this Challenge are
simple relative to those of real telescopes.

Simple Galaxy Shape: The galaxiesusedin this Challengeare simple
relative to real data.

Simple Noise Model: The noiseis Poisson.In practice there would be
unusable bad pixels which may be agged and the noise would be a
conmbination of Gaussianand Poisson,with the Gaussiancortribution
potentially varying acrossthe image.

Image Construction: In GREATO08 there is only one object in eadh
small image and ead is labelled accordingto whether it is a star or a
galaxy. The selectionof galaxiesin a real image must not depend on
the applied shearotherwise this intro ducesan additional bias: if very
elliptical galaxiesare preferertially downweighted then galaxiesthat
happento be aligned with the shearwill tend to be lost which will bias
the measuredshearlow. In addition, in real data somegalaxiesover-
lap and are best discarded from corvertional analyses.Furthermore,
corverntional analysesrely on accurate labelling of stars and galaxies.

In GREATO09 we anticipate that many of these assumptionswould be
relaxed therefore methods which perform well in GREATO08 by overly capi-
talising on the simpli cations may not perform well in GREATO09.

Beyond GREATOQ9 there are a multitude of further issuesthat have a
signi cant e ect on accurate shape measuremeh Cosmicrays and satellite
tracks contaminate the image (see 48); detector pixels vary in responsiv-
ity and the responsivity is not linear with the number of photons (Charge
Transfer E ciency); the detector elemeris are not perfectly square and/or
are not perfectly aligned in the telescope sothat the sky coordinates do not
perfectly map to pixel coordinates, and they bleed (Inter Pixel Responsiv-
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ity); there are multiple exposuresof eah patch of sky, ead with a di erent
kernel.

The ultimate test and veri cation of a method will bein its application to
data. The goal of the GREAT Challengesis to encouragethe developmert of
methods which will oneday be usedin conjunction with state-of-the-art data
in order to answer someof our most profound and fundamental questions
about the Universe.
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APPENDIX A: RULES

1. Participants may usea pseudorym or team name on the results leader
board, howewer real names(as usedin publications) must be provided
where requestedduring the result submissionprocess.

2. Participants who have investigated se\eral algorithms may enter once
per method. Changesin algorithm parameters do not constitute a
di erent method.

3. Re-submissionsfor a given method may be sert a maximum of once
per week during the 6 month competition.

4, Sincerealistic future obsenations would include somelow noiseimag-
ing, participants are welcometo usethe GREAT08 Low-noiseimages
to inform their GREAT08 Main analysis. We will never have obser-
vations for which the true shearis known, but we will be able to
make our own attempts to simulate the sky, which could be used
to train shear estimation methods. Therefore GREATO8 LowNoise-
Known and GREATO08 RealNoise-Knavn have slightly di erent galaxy
propertiesthan GREAT08 LowNoise-Blind and GREATO08 RealNoise-
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Blind. GREATO08 LowNoise-Knonvn and GREAT08 RealNoise-Knavn
may be usedto train the results of GREATO08 LowNoise-Blind and
GREATO08 RealNoise-Blind.

5. Participants must provide a report detailing the method used, at the
Challengedeadline. We would prefer that the code is made public.

6. We expect all participants to allow their results to be included in the
nal Challenge Report. We will however be exible in caseswhere
methods performed badly comparedto the current methods if partic-
ipants are strongly against publicising them.

We will releasethe true shearsafter the deadlineand you are encouragedto
write researd articles using the Challenge simulations.

Some additional competition rules apply to members of the GREAT08
Teamwho submit ertries:

7. For the purpose of these rules, \GREA T0O8 Team" includes anyone
who receives STEP and/or GREATO08 Team emails, and/or has the
STEP password. The authors of this document all receive GREATO08
Team emails.

8. Only information available to non-GREATO08 participants may be used
in carrying out the analysis.e.g.no inside information about the setup
of the simulations may be used.

Note that the true blind shearvalueswill only be available to only a small
subsetof the GREATO08 Team.

APPENDIX B: OVERVIEW OF EXISTING METHODS

A variety of shearmeasuremeh methods have beendeveloped by the cos-
mic lensingcommunity. Their goalis always to obtain an unbiasedestimate
g of the shear, sud that the mean over a large population of galaxiesis
equalto the true shearhgi = g. However, they adopt di erent approacdesto
correct the nuisancefactors in Fig. 4 (convolution, pixelisation and noise).

Most of the methods have beendescribed, and tested on simulated images,
during the ShearTEsting Programme (STEP; 14; 30) and earlier (3; 11; 17).
To summarise the current level of knowledge, but trying not to restrict
the developmen of new ideas, we presert here an overview of an idealised
method. In appendicesC to G, we then provide a more detailed intro duction
to seweral methods that have beenusedon real astronomical data, with links
to researt papers. At the launch of the GREATO08 Challenge,code for these
methods will be made available and the corresponding results will be entered
on the GREATO8 leader board.
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Potertial participants may beinterestedin applying methods that require
a set of training data which matchesthe Challenge data. We do not pro-
vide such a setbecausehis will not be available for realistic obsenations. It
would in principle be possibleto simulate data with similar propertiesto the
obsened data, but this will not match exactly becauseof our lack of knowl-
edge of the detailed shapes of distant galaxies. We do not know whether
or not this preseris a fundamental limitation for this type of method. The
(public) STEP1 and STEP2 simulations have a similar noise level to the
GREATO08 imagesand the true shearis given. You are allowed to usethese
to train your methods if you wish. The galaxy properties are not the same
asthosein GREATO8 sothis is a reasonableapproximation to the realistic
situation. Howewer the objects are not isolated on postage stamps as for
GREATO08.

B.1. Ellipticit y Measuremen t. We rst describea simple shearmea-
suremern method that would work in the absenceof pixelisation, convolution
and noise. The certer of the image brightness| (x; y) can be de ned via its
rst momerts

R .
o (X y) xdx dy

(B.1) X =

g | (xy)dxdy
I (x;y)ydxdy
D .
(B-2) Y = iy dxdy

and we can then measurethe quadrupole momerts

R
105y) (x  x)?dx dy

(B.3) Qxx = ™ (X, y) dx dy

_ oot Xy y)axdy
&4 o T “Tocy) dxdy

_ lxy(y y)’dxdy,
(&5 N [V ETEY

Gravitational lensing maps the unlensedimage, speci ed by coordinates

(Xu;Yu), to the lensedimage (x;;y)) using a matrix transformation
! !

(B.6) Xu - X
Yu Yi
where
|
(B.7) A= 1O @

® l1l+a



16

Throughout GREATO08, the componerts of shear g; and g, are constart
acrossthe image of a galaxy; this is usually a good approximation in real
images too. Under this coordinate transformation, it can be showvn that
quadrupole momert tensor Q transforms as

(B.8) QY= AQ'AT

where QU is the quadrupole momert tensor before lensing and Q' is that
after lensing.

The overall ellipticity of a galaxy image can be quantied by the useful
combination of momerts

Quxx ny + 2 Qxy

(B.9) 1+ 2= — ;

Qxx + Qyy + 2(Qxx Qyy Q>2<y)l_2
(9) where we introduce the complex notation = 1+ i ,andg= g1+ ig>
wherei? = 1. For a simple galaxy that has concerric, elliptical isophotes

(contours of constart brightness) with major axis a and minor axis b, and
angle betweenthe positive x axis and the major axis,

a b
(B.10) 1T o bcos(2)

a b . )
(Bll) 2 - mS“’](Z )
The quartity transforms under shearas

U+
I — g

(B.12) “1vg v

for jgj < 1, wherethe asteriskdenotescomplexconjugation (45). This canbe
Taylor expandedto rst orderin g, for ead of the two componerts i 2 1; 2.

To obtain measuremets of g, we next assumethat there is no preferred
orientation for the shapesof galaxiesin the absenceof lensing. In this case,
when averagedover a large population of galaxies,h i = h¥i = 0, hY?2j =
h42i and hY 4 = 0. Therefore on Taylor expanding B.10 to st order

in g we seethat I is roughly a very noisy estimate of g since hV?i

0:15, which is an order of magnitude larger than the typical value of g;. On
applying the symmetries for a large population we nd

(B.13) h'i' g

The needto samplea population of galaxiesalsoexplains the useof complex
notation for both and g: the two componerts of averagecleanly to zero
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Fig 5. The parameterisation of genemlised ellipticity astwo quantitites e; and e;, showing
the shape of isophotesof an elliptic al galaxy. For example, a galaxy aligned with the y axis
( = 90 deggrees) has e; < 0 and e; = 0. If this gur e had shown individual ellipticity

estimates like or , the orientations would be the same, but the elongations would vary.

in the absenceof cosmiclensing, unlike a notation involving magnitude and
angle. See gure 5 for a graphical represenation of these parameters.
More commonly consideredis the conbination of quadrupole momerts

Qxx Qyy + 2IQyy |
Qxx + ny '
(sometimesknown as “polarisation’) wherewe de ne componerts = ;+

i » as before. This combination is more stable than in the presenceof
noise. A purely elliptical shape has

(B.14) =

2 P
(B.15) L= 7:2_”)2005(2)

2
(B.16) , = :szzsin(z ):

In general, transforms under shearas

u + 2g+ 92 u
I:
(40 T+ P + 2<(g © )

(44) where< denotesthat the real part should be taken. On Taylor expand-
ing to rst order in g and averaging over a population for which h {i =
hdi=0hVY%=hY2% andh { 4i = 0we obtain

(B.18) h'i' 2@ hY2)g:
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Thereforeif the variance of the unlensedellipticities h §2i of the population
is known then the shearcan be approximately determined. For GREATOS it
may be possibleto infer theseellipticit y propertiesfrom the low noisesample
sinceh ¥2i ' h }2i. For more information seeSection4 of (5) or (6).

These are just two examples of generalisedellipticity estimates for a
galaxy shape. All existing methods start in similar fashion, by construct-
ing a mapping from the 2D image | (x; y) to a quartity with the rotational
symmetries of an ellipse, such as or . For some methods, the mapping
might involve a combination of quadrupole momerts. To reduce contami-
nation from neighboring galaxies, and to limit the impact of noisein the
wings of a galaxy, a weight function W (x; y) with nite support is normally
included in equations (B.3), (B.3) and (B.3). Other methods might involve
the tting of a parametric (e.g. elliptical Gaussian,or exponertial) model
to the image, in which casethe major and minor axesa and b are returned,
along with the angle . Various basisfunctions have beentried for this mod-
elling, including shapelets(App endix D), sumsof co-elliptical Gaussians(see
Appendix E and G) de Vaucouleurspro les (App endix F). Each support a
di erent range of potential galaxy shapes,and have had varying succeson
galaxiesof di erent morphological type.

B.2. Shear Responsivit y. Converting a general ellipticity measure-
mert einto a shearestimate g alsorequiresknowledgeof how that ellipticit y
is a ected by a shear.All existing shearmeasuremeh methods involve some
form of ellipticit y estimate and corresponding shearresponsivity
(B.19) poh = @

@
(sometimescalled the shearpolarisability or susceptibility) so that
(B.20) e = &' + Pi'g + O() ;

where j is summedover. In general, Pifh is a unique 2 2 tensor for eath
galaxy. The diagonal elemens re ect how much a shear in one direction
alters the ellipticity in the samedirection, and the two diagonal elemerts
tend to be similar. The o -diagonal elemeris re ect the degreeto which a
shearin onedirection alters the ellipticit y in the other, and tend to be small.
For the present purposes,it is therefore reasonableto think of the shear
responsivity for ead ellipticit y estimate as a scalar quantity P S" times the
identit y matrix. Expressionsfor PSh for three simple ellipticit y measuresare
shown in Table 3. In general, shearresponsivity depends on the ellipticit y
and cuspinessof an individual galaxy image and can even depend on the
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Table 3
Some common ellipticity estimates and their correspnding sher resmnsivities,
calculated to rst order in g.

Ellipticit y Estimate Shear Responsivity
= 2.2 (cos(2 )+ isin(2)) 1
2 Y (cos(2 )+ isin(2 ) 21 hY?

R
Ly )(x2 y2+2ixy JW (xiy ) dxdy
1 (xy )(x2+y2)W (xy )dxdy

Eqn. (5-2) in (22)

shear. For example, the axis ratio of a circle initially changessigni cantly
under a small shearoperation; but asthe sameshearis repeatedly reapplied,
the object can tend toward a straight line but then its ellipticit y can never
increasefurther sincejg < 1. A shearestimate can then be formed via

(B.21) 5 %:
If we had accessto the noise-free,unlensedgalaxy image then we could
calculate PS" for eat galaxy. However the lensing signal does not change
over time, and the strongest cosmic lensing signal is carried by the most
distant { and therefore the faintest { galaxies. Measuremeitts of P S" from
the obsened image are consequetly very noisy. Since PS" is on the de-
nominator of Eq. B.21, errors in this quartity can contribute to potential
biasesand large wings in the global distribution of . Getting it wrong in
existing methods has typically led to a bias in shear measuremen that is
proportional to the shear ("multiplicativ e bias'). To reduce the noise and
cortrol bias, PS" is often averagedover or tted from a large population of
galaxies.It is typically tted asa function of galaxy sizeand brightness(the
distribution of true galaxy shapesis known to vary as a function of these
obsenables). Howewer, the tting function must be chosencarefully: shear
responsivity often varies rapidly as a function of galaxy brightness, and ex-
isting methods have beenfound to be unstable with respect to the method
usedfor this tting. SometimesP " is also tted asa function of ellipticit .
This drastically overestimatesthe cosmologicalshear signal in intrinsically
elliptical galaxies,but this should averageout over a population. The goal
is merely to create a shearestimate that is unbiasedfor a large population.
Shear responsivity thus represents the intrinsic morphology of an indi-
vidual galaxy, or the morphology distribution for a population of galaxies.
Although inferring the intrinsic shape distribution is not a goalin itself (see



20

Fig 6. Detail of two realistic convolution kernels. The isophotal contours are logarithmi-
cally spaced.

Fig. 2 and 3), someaspect of it always needsto be measured.As discussed
in Appendix F, it arisesin a Bayesian context as a prior on probability
distribution for ead shearestimate.

B.3. Correcting for a convolution kernel. An image is inevitably
blurred by a convolution kernel (generally known in astronony literature
as the Point Spread Function or PSF) introduced by the camera optics
and atmospheric turbulence. The kernel is usually fairly compact, and two
examplesare given in Fig. 6. The typical sizeis usually quarti ed by the
Full Width Half Maximum (FWHM), which is the diameter wherethe light
falls to half of the peak. Typically the FWHM is two or three pixels across,
and of a similar sizeto the galaxies of interest. For a Gaussiankernel the
Gﬁaussianstandard deviation is simply related to the FWHM via FWHM =
2 2In(2)

One approadc to correct for the kernel, which is particularly useful for
momert-basedellipticities, isto subtract the e ects of the corvolution kernel
from both the ellipticit y and the shearresponsivity (e.g. Eq. C.5 and C.6).
A secondapproac to correct for the corvolution kernel, particularly appro-
priate for tting methods, has beena full decorvolution of the image. One
fairly stable way to do this hasbeenthe forward convolution of a prede ned
set of basis functions with a model of the corvolution kernel, followed by
the tting of these basis functions to the data. A decorvolved version of
the image can then be reconstructed by using the derived model coe cien ts
with the (unconvolved) basisfunctions. This model canthen be usedto mea-
surean ellipticit y and shearresponsivity. Getting this stepwrong in existing
methods can leave residual e ects of (or overcorrectsfor) any anisotropy of
the corvolution kernel in the ellipticit y estimate. This typically introduces
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a bias in shearmeasuremeh that is independert of the true shear("additive
bias").

B.4. Correcting for pixelisation.  Astronomical detectorsfor optical
light count the total number of photons arriving in a region that we call
a pixel. To a good approximation these pixels are on a squaregrid and do
not overlap or have gaps between them. For methods that t a model to
ead galaxy shape, including a forward corvolution with the corvolution
kernel, pixelisation can in principle be incorporated easily This is because
integration within a squarepixel is mathematically identical to convolution
with a squaretop hat, followed by resampling at the certres of pixels. Since
the obsened images of stars have also been pixelised, they are already a
rendering of the corvolution kernel convolved with the square of the pixel.
Decorvolving this naturally takescare of the pixelisation at the sametime.
In practice, modelsfor the kernel are relatively smooth and may not capture
the corvolution with the squarewell.

No methods basedon quadrupole momerts, with correction for the con-
volution kernelvia subtraction of those momerts, have yet included a proper
treatment of pixelisation. Furthermore, for both typesof method, an unex-
plained di erence has been obsened (34) between biasesin the measure-
ment of g; and g,. Sincethe only di erence betweenthesequartities is their
orientation relative to the pixel grid, pixelisation problemsremain the best
working guessasto the origin of this e ect. This is particularly important to
the cosmiclensing community becausethe designof somefuture telescopes
currently feature only about 2 pixels acrossthe FWHM of the corvolution
kernel.

B.5. Averaging to remove noise. There are two cortributions to
the noiseon a shearestimate g for a single galaxy. The rst comesfrom the
noiseon the image, which is Poissonfor GREATO08. The secondcomesfrom
the fact that unlensedgalaxiesare not circular and thus it is not possible
to tell for a single galaxy whether it is intrinsically elliptical or whether it
is intrinsically circular and lensedby a strong shear. This can be beaten
down by averagingthe ellipticities of many galaxies.If the galaxiesare in a
similar location (or within the sameset of GREATO08 images),the constart
shear signal they cortain will be all that remains. Unfortunately, almost
all existing shear measuremeh methods supply only a single (maximum
likelihood) shear estimate for eat galaxy, possibly with a single error bar
(although seeAppendiceskE and F). The PDF is not exactly a Gaussian,
therefore a simple averageis not the correct approad.
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APPENDIX C: EXISTING METHOD 1: WEIGHTED QUADRUPOLE
MOMENTS (KSB+)

Currently, the most widely used and oldest method for cosmic lensing
analysiscomesfrom the work of (22; 28; 16), hereafter referredto asKSB+.
The versionof KSB+ madeavailable for the GREATO08 challengeis the "CH'
KSB pipelinedocumerted in the STEP challenge(14) and (13). The original
KSB imcat software developed by Nick Kaiser is also available on request.
KSB+ parameterisesgalaxiesand starsaccordingto their weighted quadrupole
momerts

R
w_ X Y) Xi Xj W(X;y) dxdy

(C.1) T I y) Wk y) dxdy

where W is a Gaussianweight function of scalelength rg, whererg is some
measureof galaxy sizesud asthe half-light radiusandx; = x X, X2 =y V.
An ellipticity " is formed from theseweighted momerts using Eq. B.14. The
following KSB+ method details how to correct for the convolution kernel
and get an unbiasedestimate of the shear .

The main limiting simpli cation in KSB+ is to assumethat the convo-
lution kernel can be described as a small but highly anisotropic distortion
convolved with a large circularly symmetric function. In most instances,this
is not a good approximation to make, but the KSB+ method has proved
to be remarkably accurate in practice. With this assumption, the “corrected
ellipticit y' of a galaxy (which it would have in perfect obsenations) "', is
given by

(C.2) ncor — wnobs Psmp :

where p is a vector that measuresthe kernel anisotropy, and PS" is the
smear responsivity tensor given in (16). The kernel anisotropy p can be
estimated from imagesof stellar objects by noting that a star, denotedby an
asterisk, haszeroellipticit y (it is e ectively a -function) beforecornvolution:
" COr = 0. Hence,

(C3) p = (Psm ) 1w ObS:

The isotropic e ect of the corvolution kerneland the smoothing e ect of the
weight function W, canbe accouried for by applying a tensor correction P
such that

(C.4) =S4 p
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where "S is the intrinsic sourceellipticity and is the gravitational shear.
(28) show that

(C.5) p = psh pSM(psm ) 1psh .

where Ps" is the shearresponsivity tensor given in (16) and PS™ and PSP
are the stellar smearand shearresponsivity tensorsrespectively. Combining
the correction for the anisotropic part of the convolution kernel, (Eq. C.4),
and the P isotropic correction, the nal KSB+ shearestimate ” is given
by

h i
(C.6) Y- (P ) 1 wobs Psmp

This method has been used by many astronomers although di erent in-
terpretations of the above formula have introduced somesubtle di erences
betweenead astronomer's KSB+ implementation.

Other methods inspired by KSB+ include (15; 29; 42; 21; 47).

APPENDIX D: EXISTING METHOD 2: SHAPELETS

An orthonormal basisset, referredto as “shapelets’, can be formed by the
product of Gaussianswith Hermite or Laguerre polynomials (in Cartesianor
polar coordinates respectively). A weighted linear sum of these basis func-
tions can model any compactimage, including the irregular spiral arms and
bulgesseenin galaxy shapes(39; 31). The shapelet transform acts qualita-
tively like a localised Fourier transform, and can be usedto Iter out high
frequencyfeatures sud as noise.

The shapelet basis functions are not speci cally optimised for the com-
pression of galaxy shapes. Howewer, they can be analytically integrated
within pixels and have particularly elegart and conveniert expressionsfor
convolution and shearoperations. After modelling both a galaxy shape and
a convolution kernel as a linear combination of shapelet basis functions,
convolution can be expressedas a simple matrix multiplication (seealso 7).
Decorvolution canbe performedvia a matrix inversion, although in practice
appears more stable when performed via a forward corvolution of the ba-
sis functions, then obtaining their coe cien ts with a fast, least-squarest.
Shearinga shapelet model involves mixing betweenonly a minimal number
of model coe cien ts.

Most of the parametersin a shapelet model are linear, which helps min-
imise any potential biasesthat could arise when tting faint, noisy images.
Additional, non-linear parameters are the overall scalesize and the coordi-
nates to the certer of the basis functions, plus the nite truncation order



24

of the shapelet series.Each tted non-linear parameter requires a slower,
non-linear iteration to pre-de ned goals. Some methods also use elliptical
shapelet basisfunctions, derived by shearing circular shapelets: such meth-
ods require two additional non-linear parameters (the two ellipticity com-
ponerts).

Shapelet basis functions have been utilised in various ways, for both it-
erative and non-iterative shear measuremeh methods. There are three ap-
proaches currently in the literature:

The shapelet modelling processs usedto obtain abest-t denoised,de-
cornvolved and depixelisedimage from which quadrupole momerts are
calculated. Experiments with various functional forms for the radial
shape of the weight function have beentried in (41; 31; 31). Dierent
weight functions provide a variety of bene ts, primarily altering the
shearresponsivity factor (B.19).

A perfectly circular model galaxy with arbitrary radial pro le is sheared
and convolved until it best matchesthe obsened image according to
a least-squarescriterion (26). A subsetof the shapelet basisis usedas
a way of allowing freedomin the radial pro le. The probability distri-
bution function of galaxy ellipticities is required, in order to calibrate
how much of the shearingis required to accourt for intrinsic shapes.
A shapelet model for the galaxy is constructed which is “circular' by
a particular de nition. Unlike the previous bullet point, it need not
be circularly symmetric, but is constrainedto have zero ellipticit y for
a particular ellipticity de nition. This is then shearedand corvolved
until it matchesthe data. This is discussedby (6) and tested by (37).
This similarly requiresthe probability distribution function of intrinsic
galaxy ellipticities.

Concerns have beenraised that the Gaussian-basedfunctions require a
large number of coe cien ts to reproduce the extended, low-level wings of
typical galaxies.If thesewings are hidden beneath noise, and truncated in
the model, the galaxy's ellipticity will be systematically underestimated.
Initial experimernts are attempting to replacethe Gaussianpart of shapelets
with something better matched to galaxy shapes,like a set or an exponen-
tial (Kuijk enin prep). Appropriate polynomials can always be usedto gen-
erate an orthonormal basis set, and this should extrapolate better into the
wings. It might be possibleto transfer experiencewith Gaussianshapelets
to these new basis sets. The elegart image manipulation operations would
made signi cantly more complicated, and involve mixing between many,
non-neighbouring coe cien ts. Howewer, the mixing matrices canstill be pre-
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calculated for a given basisset as a look-up table.

More information, links to the papers, and a software padkagefor shapelet
modelling in the IDL languagecan be obtained from
http://www.astro.caltech. edu/ ~rjm/shapelets . Translationsof the code
into C++ and java may also be available upon request.

APPENDIX E: EXISTING METHOD 3: FITTING SUMS OF
CO-ELLIPTICAL GAUSSIANS

(25) presenried a maximum likelihood method in which eath galaxy and
convolution kernel is modelled as a sum of elliptical Gaussians.The below
implemenrtation follows (10) (im2shape) and Voigt & Bridle in prep. The
model intensity B (x) asa function of position x = (Xx;y) is

X Ai T —
E.1 B(x) = 1 e (X xi)TCi(x xi)=2
(E.1) 0= g =
where the inverse covariance matrix for ead componert C; can be written
in terms of the ellipse major and minor axes(a; and ly) as
|

cog( i) , sin’( i)

(EZ) (Ci)l;l = 2 aiz | qz

€3 @z = p 7 @)
' !

€4 (©ee = 2 2FD, ST

and the matrix is symmetric. Thus eat Gaussianobject componert has 6
parameters, which we considerto be the position of the certre x; = (Xj;Vi),
jil (& b)=a+h), i,ri al andthe amplitude A;. Becausethe galaxy
is a sum of Gaussians,convolution with the convolution kernel (another sum
of Gaussians)is analytically simple.

The likelihood of the parametersis calculated assumingthat the noiseon
the image is Gaussianwith unknown variance and that an unknown con-
stant badkground level bhasbeenaddedto the image. The model parameter

where the subscripts denote the Gaussiancomponert number and n is the
number of Gaussiancomponerts that make up the object. To reduce the
number of parameters,the certre position, ellipticit y and angle of all compo-
nerts in ead galaxy are xed to bethe same.Thus eadh additional Gaussian
contributes only two extra parameters.This is a signi cant limitation onthe
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exibilit y of the galaxy model, but makesthe method more stable to noise
in the image, and meansthat the shearestimate is equal to the ellipticit y
of the Gaussianstack via Eq. B.13. This schemewill not accurately model
irregular galaxy shapes,but that is not the main goal.

Each parameter in p is assigneda prior which allows the corversion to
the posterior probability P (pjD ; PSF), assumingthat the corvolution kernel
(PSF) is known exactly. Markov-Chain Monte Carlo samplingis usedto nd
the marginalisedPDF in 1, » space.This must be conbined with the PDF
of unlensedgalaxy ellipticities to nd the PDF in g1, g» space.In practice
the mean and standard deviation of the samplesin ; and , spaceare
calculated. Theseare corverted to shearestimatesby adding the root mean
squareof the unlensedellipticities h ¥)?i in quadrature with the standard
deviation of the samples.

APPENDIX F: EXISTING METHOD 4: LENSFIT - BAYESIAN SHEAR
ESTIMATE WITH REALISTIC GALAXY MODEL
FITTING

Lenst isamodel tting shape measuremeh method that usesa Bayesian
shear estimate to remove biases.A Bayesian estimate has the immediate
advantage over likelihood basedtechniquesin that, asdescribedin (35), due
to the inclusion of a prior the shearestimate should be unbiased given an
ideal shape measuremeh method and an accurate prior. (35) also discuss
how to remove any bias that occurs as a result of assumingthat the prior
is certered on zero ellipticit y, which is assumedsince the actual intrinsic
distribution is unknown.

For ead galaxy a (Bayesian) posterior probability in ellipticity can be
generatedusing

o P (e)L (yiie)
P (e)L (yije)de

(F.1) pi(eyi) =

where P (e) is the ellipticity prior probability distribution and L (y;je) is
the likelihood of obtaining the i!" set of data valuesy; given an intrinsic
ellipticity (i.e. in the absenceof lensing) e. By consideringthe summation
over the data, the true distribution of intrinsic ellipticities can be obtained
from the data itself

1x o Z P ()L (vie)
(F2)  hg  REyDi=  dyRp e

z
f(e) (yje)de

where, on the right hand side, the integration of the probability distribution
givesthe expectation value of the summedposterior probability distribution
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for the sample. (yje) is the probability distribution for y given e. This
will yield the true intrinsic distribution under the conditions that (yje) =
L (yje) and P (e) = f (e) (assumingthe likelihood is normalised)from which
we obtain

1 X
(F.3) hy  Piey)i = P(e)=1(e)

|

This is the equation that highlights the essencef the Bayesian shape mea-
suremernt method, given a prior that is a good represettation of the intrinsic
distribution of ellipticities the estimated posterior probability should be un-
biased. (24) discusshow to nd the prior from a subset of the data itself.
The shearis equal to the average expectation value of the ellipticit y with
a factor @eij=@ which corrects for any incorrect assumptionsabout the
prior

(F.4) §= Py

where for an individual galaxy the hei = ReP(e)de. The shear responsiv-
ity is calculated by nding the derivative of ellipticit y with respect to the
shear. (35) show how this can be calculated directly from the prior and the
likelihood in a Bayesian shearestimation method.

To generatethe full likelihood surfacein (e1, &), we t a de Vaucouleurs
pro le to ead galaxy image. This results in six free parametersper galaxy:
position x, position y, e, &, brightnessand a scalefactor r. By doing the
model tting in Fourier spacethe brightnessand position canbe marginalised
over analytically, leaving the ellipticit y and radius to t. The radius is then
numerically marginalisedover leaving a likelihood asa function of ellipticit y.
This likelihood is then usedin the Bayesianformalism above to estimate the
shear.

APPENDIX G: EXISTING METHOD 5: MODEL-FITTING METHOD
WITH NON-LINEAR DISTORTION TERMS

This model- tting method goes beyond those in which distortion is en-
tirely parameterizedby the linear e ect of shear.In addition to ellipticity,
non-linear shapesare measuredby using generalizedversionsof transforma-
tion 2.1 that include secondorder terms arising if the shear signal varies
acrossthe width of a galaxy (it doesnot in the GREATO08 simulations). The
models simultaneously allow for the estimation of these non-linear parame-
ters, which should yield a more reliable estimation of shear,and are also of
usein cosmology
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This method usesa compact form for the generalizedtransformations
through the use of complex variablesfw = x + iy ; w = x iy g; wherew
is the complex conjugate of w. In this notation, Eq. 2.1 is simply written
w! = w gw', where the superscripts u and | refer to the unlensedand
lensedimagesrespectively. That transformation can be generalizedto

(G.1) wi=w ogw' bw'? dw'? 2dw'w ;

where additional non-linear terms are intro duced, with complex coe cien ts
fb=Iby+iby; d=d; +idpgandd= d; ido. See(19; 43) for details.

This is adirect tting method that usesan assumedmodel for a galaxy's
radial pro le F(r). The radial position r hasa straightforward expressionin
the complex notation, with r2 = x?+ y? = ww. The intensity of the model
as a function of position (x;;y;) for a lensedgalaxy will have a form

(G.2) F(wY (wW9)! Fw gw' bw)? dw'? 2dw'w' who);

where (w}')o is the certroid position. The function F(r) could be any radial
pro le function: for examplea Gaussian,sum of Gaussians,a Gaussiantimes
a Polynomial, de Vaucouleurs,exponertial or a parametric spline function.
This function represerts a galaxy model before corvolution with a kernel.
It is convolved with the corvolution kernel and then tted to the galaxy
image.

(19) and (20) used a Gaussiantimes a Polynomial prole as a model
function

(G.3) F(ri2) = (A+ Bru2+ Cru4), e D1’

where A is related to the intensity at the certer of the galaxy, B is for a
better t to an arbitrary behavior at the origin, D is a cut-o scalethat
re ects the image size,and C can modify the behavior as one approaches
the size of the image. The \+" subscript indicates that if the polynomial
has a value lessthan zero, it is to be set equal to zero. This is neededto
avoid negative intensities, which would be unphysical.

The parametersof the radial prole fA;B;C;Dg, the shape transforma-
tion parameters fg;b;dg and the certroid position wg are determined by
minimizing the norm

Z
(G.4) Kl hk?= (I 1)2! dxdy ;

where| ¢ is given by corvolving F (r!?2) with the PSF convolution kernel. In
the model function 1 (r¥?2), r¥2 = w'wY is understood to be a function of
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x' and y' through w' and w'. A weight ! can be introducedto accourt for
measuremeh uncertainty in ead pixel if someare known to be more noisy
than others.

With the extra parametersb;d included in the shape distortion, as well
asshearg, in addition to the radial shape parametersfA; B; C;Dg and the
certroid position, wg !  (X;;y)), there are 12 variablesto determine. The t
is donein seweral stepsusing a multi-dimensional Newton's method. At ead
step a subsetof the 12 variablesare allowed to vary. The curvature matrix for
theseparametersis computed then diagonalized,and eigervectors with very
small eigervaluesare not allowed to cortribute to the function changeat that
step. The rate of convergenceto a minimum is controlled by a parameter
step size.

This method has an advantage over other methods in that the models
can represen a better t to a galaxy image for galaxieswith non-elliptical
isophotes.In addition oneof the challengingtasks of ellipticit y measuremeis
is in the de nition of a galaxy's certroid. The certroid position is a ected
by the nonlinear terms and the simultaneous de nition of these parameters
will give a better certroid measuremenh
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