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ABSTRACT

The principles of measuring the shapes of galaxies by a rfitiety approach are discussed
in the context of shape-measurement for surveys of wealktgtimnal lensing. It is argued that
such an approach should be optimal, allowing measuremeahtmaéaximal signal-to-noise,
coupled with estimation of measurement errors. The distindetween likelihood-based and
Bayesian methods is discussed. Systematic biases in tlesBaymethod may be evaluated as
part of the fitting process, and overall such an approachidlyeld unbiased shear estimation
without requiring external calibration from simulatiofiie principal disadvantage of model-
fitting for large surveys is the computational time requjtaat here an algorithm is presented
that enables large surveys to be analysed in feasible catgutimes. The method and
algorithm is tested on simulated galaxies from the Sheatiig&®rogram (STEP).

Key words: Gravitational lensing - methods: data analysis - methddtissical - techniques:
miscellaneous

1 INTRODUCTION to be higher than found by some other methods (see the discus-
sion in Spergel et al. 2007), an effect that persists at seret in

the latest studies. For the best fit 3-year WMAP value of the ma
Ser density parametdp, = 0.24, the 3D analysis of Massey et al.

Measurement of the effects of weak gravitational lensing) e

come a key technique in the arsenal of methods used to measur
the r(]jlstrlbultlon oI mtatter, b_otdh_ gjsolmatled _Wlth |nS|V|U(:bJects (2007b) finds the values = 0.96fj8‘3, and the 2D analysis of
such as galaxy clusters or individual galaxies, and on iangdes Benjamin et al.[(2007) findss = 0.84 4+ 0.07. These results can

thro#gh the meaSI:r_ertT;]ertlt_tc()jf_ Cojmlc shear tﬁ kte); ii;’;;@ge © pe compared with the 3-year WMAP valug = 0.76 + 0.05
such measurement is that it directly measures the totai ri- (Spergel et 2. 2007).

bution, generally dominated by the dark matter componehighv
may then be related directly to theory without needing toeund
stand the uncertain effects of the physics of baryons inxgeda
provided one avoids the highly nonlinear regime (White 2004
Zhdarﬁ‘ Kn(;x 203.4‘ ng 20;)6)' 'Il'hrgug:thfc;sg ;f photg‘r;_etnc atic errors in lensing signals introduced by uncertaintylioto-
rzeoos’;-l |t_'|5 t re?- 2|gn;53n5|ona banays(;s ( fu Ih‘ —Bacony b ah h metric redshifts has been discussed by Edmondson, Millerof W

P LHCAVERD ) can be used 1o further measure oth t e(2006). Another fundamental concern with the method is héret
cosmological growth of structure and the values of cosmnioidg the shapes of galaxies, that are used to deduce the signabena
para_17r.n et_ers'_(Massey etlal. 2007_a. Heavens|etal] 2006: kr measured in an unbiased manner. The problem of shape measure
ZOQ, ,.Kltch!ng et dl. 2007). Until recently such surveys@nheen ment in optical imaging data is that galaxy images are coeb
of limited size, but even so the results obtained provideefuls | o o possibly-varying point-spread function (PSF) whivhst

constraints on cosmological parameters and an import&_mtofe be accurately corrected for when deducing galaxy shapevalion
the values deduced from other methods. One long-standirgeu tion with the PSF tends to make galaxy images appear roufater (

_has_ been that the range of values for th_e power-spectrumatorm reasonably circularly symmetric PSFs) whereas additiophaf-
isation parametetss found by weak lensing analyses has tended ton shot noise has the systematic effect of tending to maledro
galaxies appear less round. These two observational effeas
tend to work in opposite senses, and are independent of éaeh o
* The Scottish Universities Physics Alliance so that both accurate PSF correction and calibration to verttee

Measurement of the effect of weak gravitational lensing re-
quires the statistical analysis of large samples and isitsens
to any systematic errors in measured quantities. Possjsters-
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effects of noise on shape are required. Following the sdmima
per byl Kaiser, Squires & Broadhurst (1995) there have beeryma
suggestions for possible measurement processes, thasemssed

199%) or equivalently assuming Gaussian profiles or weights
(e.g./Bridle et al! 2002; Kuijken 1999; Bernstein & Jarvis020
Bardeau et al. 2005). Model-fitting has been used for some tim

bylHeymans et all (2006) and Massey etlal. (2007b) as pareof th for detailed determination of galaxy surface brightnesdiles and
‘Shear TEsting Program’ (STEP). Those papers discuss 18 pub shapes (e.d. Peng ef al. 2003). Kuilken (1999) proposed Imode
lished methods for shear measurement. The existence of 8p ma fitting to averaged galaxy images specifically for weak legsnea-

suggested methods implies that no consensus has yet enmrged
the best way to measure weak lensing signals, and thereftre n
urally leads us to ask whether there might in fact be one nadetho
that may be regarded as being optimal. In this paper we iigatst
whether a model-fitting approach to galaxy shape measutazaen

surement, and Bridle etlal. (2002) proposed a method of miegsu
shear by fitting galaxies and PSFs with multiple Gaussianpoem
nents. The latter method has been applied to surveys of veaak |
ing around galaxy clusters by Bardeau etlal. (2005), Bargéali
(2007) and_Kneib et al.| (2003), among others. A Monte-Carlo

both achieve this aim of optimal measurement and also be con-method is used to find best-fitting galaxy model parametersgoh

structed such that it is computationally feasible for lassgeveys.

individual galaxy, where Gaussian surface brightness Ipsyfor

In the following we shall suppose that galaxies may be char- combinations of two Gaussian profiles, are assumed for lzdéxg

acterised by a measurement of their elliptiotyand that a weak
lensing signal, such as cosmic shear, may be inferred ditier
the mean ellipticity or from some form of cross-correlatmfithe
ellipticities of different galaxies.

and PSF. Shear measurement and the computational timeagqui
for that model-fitting method has been evaluated by Heymaak e
(2006). Recently, sets of basis functions known as ‘shégidiave
been used to describe surface brightness profiles (Ref2003;

We can stipulate a number of requirements that a weak lensing|Refregier & Bacon 2003 and the related work of Bernstein &idar

measurement technique should satisfy.

(i) Optimal measurement of lensing signal, in the sense of ma
imum signal-to-noise.

(i) Unbiased measurement of lensing signal.

(i) Ability to calculate the statistical uncertaintie$ the mea-
surement.

A standard approach that in principle allows us to meet togge
riais that of model-fitting, which is the method discussethia pa-
per. We first discuss some general principles, includingtidrave
should use a frequentist or Bayesian approach and how stear m
be measured in an unbiased way from a Bayesian posterioafprob
bility distribution. However, the principal disadvantaofea model-
fitting approach is that it might be computationally protiit for
very large surveys. In sectibh 3 we discuss a novel galaxpesha
model fitting algorithm that allows good estimation of thkeli-
hood surface in a usefully short computational time. We dise
cuss the evaluation of shear sensitivity within the Bayefiame-
work, that allows individual galaxy contributions to be essed and
unbiased estimation of shear to be made, fulfilling the secoite-
rion above. Some initial results and further consideratiare then
discussed. More detailed results from applying the algorito the
STEP simulations are given in a companion paper (Kitchirg.et

in preparation).

2 A MODEL-FITTING APPROACH TO SHAPE
MEASUREMENT

2.1 General considerations

The basic rationale for fitting a model of a galaxy’s surfadgHi-
ness distribution is that, if the family of models is a googree
sentation of the true surface brightness profile, the higpessi-
ble signal-to-noise of the resulting parameters shouldtaied.

2002) but there is no requirement for the individual shafelec-
tions to match real galaxy profiles. Moving to a pure modéiifit
approach allows us to choose whichever brightness profidike;,
and for galaxies it clearly makes most sense to choose ather
ponential or de Vaucouleurs surface brightness profileturisithy,
the above statements are qualitative, we don’t khow muchm-
provement one obtains by fitting a profile that is closer tcettteal
profile, but the principle at least is a sound one, that we exjze
satisfy the first of our criteria from the Introduction.

Either frequentist model-fitting, based on determining the
likelihood function, or Bayesian model-fitting that detémes the
posterior probability distribution of model parameterwa error
estimates to be made, satisfying the third of our criteriaisTs
not the case for early versions of weak lensing shear esinat
although error estimates have been made in some recent meth-
ods (Bernstein & Jarvis 2002; Kuijken 2006; Bridle etlal. 200
Bardeau et al. 2005).

Finally, we should address the question of whether a method
can be determined to be unbiased. This is a serious issueeft w
lensing studies, where the signal is so small that even d syl
tematic bias can have a devastating effect. Evaluation isfieg
methods by STEP demonstrate that they are indeed biasdd, wit
significant magnitude-dependent biases that need to bected
empirically from comparison with simulations _(Heymanslet a
2006; Massey et al. 2007b). We discuss in the next sectionimvhy
principle a Bayesian method should be unbiased provided-a co
rect choice of prior is made, but note that realistic implatagons
result in a quantifiable bias that may be corrected for.

2.2 Bayesian estimation of the sample ellipticity distribtion

We have previously mentioned the problem of shape measateme
that not only is the shape changed by convolution with the, B&t
also noise biases the measured shape, and in general tandkedo
nearly-circular objects systematically appear more &tigh. We

When model and data agree the model encapsulates the full in-discuss in this section how a Bayesian method may be foredilat

formation content of the data. Although this has been reisegn
previously in weak lensing shape measurement (Bernsteerés)

2002), no implementation of weak lensing shape measurement

that precisely corrects for this phenomenon, provided wkenza
correct choice of prior.
Consider a set of observations df galaxies that yields the

methods published to date has this property, because the met surface brightness distribution for each galaxy denoted fagctor

ods usually adopt some simplification of the surface brigbsn

of pixel valuesy. The shape of each galaxy may be characterised by

profile, such as assuming that second moments entirely @hara its two-component ellipticity: the particular definition we choose

terise the profile (e.g. Tyson, Wenk & Valdes 1990,Kaisel.et a

for e in this paper is given in sectibn 2.4 but what follows below
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applies to any shape estimator that we may choose. If thelsahp
galaxies has a probability distribution of intrinsic etigties (i.e.
the value of ellipticity that would be measured by the obseim
the absence of degradation by the PSF or by ngige), then the
probability distribution ofy is

v = [ o)

wheree(y|e) is the probability distribution foy givene.

e(yle)d

For each of these galaxies we can generate a Bayesian poste-

rior probability distribution for its ellipticity

P()
JP(e

WhereP( ) is the ellipticity prior probability distribution and
L (y;]e) is the likelihood of obtaining the'" set of data values
y,; given an intrinsic ellipticitye.
We would hope that the true distribution of intrinsic eligt
ities can be obtained from the data by considering the suromat

over the data:

(+ Z_pi<e|yi>> -

R 7 [ 1(eetwleae”

where on the RHS we are integrating over the probabilityridist
butions to obtain the expectation value of the summed @oster
probability distribution for the sample. We can see that thill be
achieved if bothe(yle) = £ (yle) andP (e) = f (e), assuming
the likelihood is normalised| £ (yle)dy = 1, from which we
obtain

(Yile)
L(y;le’)de’

pilely;) =

L (yle)
L(yle')de’

(%Zm(e

The strength of this result is that we can in principle recove
statistically knowledge of the intrinsic distribution diapes inde-
pendently of assumptions about the shapes of the likelilswd
faces: in particular the likelihood surfaces for elliptjcmeasure-
ment must be non-Gaussian, being boundegtjat< 1, but this
has no effect on the results we expect. This result paratiels
analogous result discussed by Edmondson et al. (2006)darctbe
of Bayesian photometric redshift estimation. It says thatmust

Bayesian galaxy shape measuremen8
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Figure 1. lllustration of the properties of an ideal likelihood eséitor z
(left) and ideal Bayesian estimatdy (right) for the Gaussian example de-
scribed in the text. The top pair of graphs show the cormabetween
the input and deduced values. Two regression lines are slooweach,
one being the regression of input on estimated value, ther dthing the
regression of estimated on input value. The next two paicsvsihe dis-
tribution of the difference between input and estimatedieslcompared
with either the estimated values (centre) or the input w(bettom). Note
the graph x-axes differ between the centre and bottom pafRetsa given
input value, the likelihood estimator yields an unbiasetheste (regres-
sion slope unity) whereas the Bayesian estimator appeasesdiregression
slope 2.75). However, for a given estimated value, theilibeld estimator

know the mechanism by which data values are generated in or- is biased (regression slope 0.36) and the Bayesian estinsatmbiased.

der to construct the likelihood function, and that we musbvkn
the expected distribution of intrinsic ellipticities, inhich case the
summed posterior probability distribution will recoveatlintrinsic
distribution. It might be thought that a Bayesian approdemnthas
a non-useful requirement, that we need to know the answeréef
we start, but the point of course is that with the correct chaf
prior we then expect the posterior probability distribatfor each
individual galaxy to yield an unbiased estimate of ellipticity, and
those sets of individual posterior probability distrilmrts may then
be used to infer the spatially varying shear arising fronvigga
tional lensing. We discuss in sect[on]5.1 one possible ndefbo
creating the correct prior.

2.3 Frequentist or Bayesian measurement?

So far the framework has been described in a purely Bayesian ¢
text, but we can also ask whether there is a frequentist alguit/
of the above formalism: can weak lensing shear be measuiegl us

© 2007 RAS, MNRAS000,[1H11

The Bayesian estimator returns the best estimate of the wglue for a
given measurement.

likelihood functions alone? Conversely, are there anydiisatages
to using a Bayesian method?

It is important to recognise that likelihood and Bayesiatir es
mators measure different things. We can illustrate thisdnsider-
ing a sample of galaxies (say) with some intrinsic properthat
we wish to determine from fitting to some measurementsVe
shall look at the results obtained with either a Bayesiamadbr,
&g = [ zp(z|y)dz, or alikelihood estimatoti . = [ xL(y|z)dx
(the general considerations discussed here apply alsoxonuim
likelihood estimators). Suppose the intrinsic distribatof = has
a normal distribution of variance?, and that for each: drawn
from this distribution the measurement process causesraatigr
distributed uncertainty of variand€. Fig.[d shows the results ob-
tained in a Monte-Carlo realisation for the illustrativesea = 0.3,
b=0.4.
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The likelihood estimator is based on the functify|x) and
in Fig.d is unbiased in the regression of input on estimate v
ues. The Bayesian estimator is based on the fungtiory) and
is unbiased in the regression of estimated on input valbes:is,
for a given set of measurements the Bayesian estimatorsyibél
best estimate of the input values. The likelihood estimgtelds
a distribution of measured values that is broader than thimgic
distribution. Notice however that the Bayesian estimaietdg a
distribution that isnarrower, despite the result of sectibn®.2 that
the summed posterior probability distribution yields tinérinsic
distribution if the correct prior is chosen. This apparesatgolox is
resolved by realising that each of the individual estimatgdes is
associated with its own posterior probability distributiso that the
sum of the distributions is broader than the distributioexgecta-
tion values. While this might seem undesirable, this isitadle in
any noisy measurement process.

In the case of ellipticity shape measurement, we expecether
to be other reasons why a likelihood estimator might be biigise
particular at largee values or for low signal-to-noise, where the
boundaryle| < 1 renders the likelihood function asymmetric and
highly non-Gaussian. With no prior, the strong degeneratyéen
size and ellipticity in the likelihood fitting can create iegs of
high likelihood at extreme values of ellipticity, and givére hard
bound|e| < 1 such an estimator cannot be unbiased.

In the frequentist approach, it is also possible to estireate
rors for the individual galaxies, and this is important téabtish
the contribution to the signal from each galaxy. As in the &agn
approach, we expect the information on shear to decreadeeas t
signal-to-noise (S/N) decreases: even with an unbiasedast &
it would be important to quantify this effect and allow foiiritthe
shear estimation.

A final consideration is that in weak lensing surveys we are
not simply interested in measuring the shapes of individiashx-
ies, but rather in measuring the systematic lensing sheasam-
ple. Usually this is measured from the mean ellipticity:shitumay
be possible to have an ellipticity estimator that is biaseddhere
the shear estimate from a sample is unbiasedijaar versalf any
bias were isotropic, corresponding to a bias in the valufe pbut
not in orientation, then we might hope that the bias would-ave
age out. However, even in this case we shouldassumehat the
shear estimatofe) is unbiased, since the likelihood functions éor
measurement must be non-Gaussian edtitpendent, any shiff
in the distribution ofe caused by lensing would lead to bias in the
estimated shear.

However, even the Bayesian method is not immune to the
problem of bias, particularly in a realistic implementatiof the
Bayesian method where we are forced to assume a zero-shaar pr
as discussed below. But the bias can be quantified and thedeth
provides a self-contained framework within which we canknaut
all the required quantities. This is the framework that wenmreto
in the remainder of this paper.

2.4 Bayesian shear estimation and the shear sensitivity

FollowinglHeymans et al. (2006) we assume observed galépy el
ticity e is related to the intrinsic galaxy ellipticity® in the weak
lensing regime via:

_ e +yg

T 14 g*e®
from|Schramm & Kayser (1995); Seitz & Schnelder (1997), wher
e is represented as a complex variable gng* are the reduced

shear and its complex conjugate respectivelis defined in terms
of the major and minor axes and orientatiarb, 6 respectively, as
e = (a—b)/(a+ b)exp(2:0). In this formalism, we expect

(e)=g 1)

for an unbiased sample whefe®) = 0, and so(e) for a sample
of galaxies is adopted as our estimatorgofNote that this result
differs from the other commonly used formalism where eitipy
is instead defined as= (a? — b%)/(a® + b?) exp(2i6).

For a population of galaxiee) = [ ef(e)de where f(e)
is the ellipticity probability distribution for the sampl8ut in the
Bayesian formalism we can write a similar expression forratii
vidual galaxy if we know its Bayesian posterior probabilitigtri-
bution, (e); = [ ep(ely;)de. Hence for a sample ol galaxies
we can evaluate the sample mean as

©=F 2 [entelvae= [ S pilely;)de.

In practice we shall use the first of these expressions, &nast
tion of ellipticities for individual galaxies allows err@stimates to
be made for each galaxy, and its contribution to the signddeto
evaluated.

However, in measuring shear we cannot know in advance the
correct prior to apply, even if we know the intrinsic unstezhel-
lipticity prior distribution, because the amount of shearigs over
the sky in a way that we are attempting to measure. We must-ther
fore use a prior that contains zero shear. The effect of shikat
as signal-to-noise decreases, the measured ellipticityilalition
tends to the prior, and in the limit of zero signal-to-noigeshear
signal is recoverable. This is precisely what we should eixpé
course: no measurement method can extract a measured ahear v
from data with zero signal-to-noise, and a Bayesian methawi
different in that respect. A Bayesian method does howelawals
to estimate the magnitude of this effect for each individyahxy.
Consider the Bayesian estimate of ellipticiig);, defined above,
that is measured for thé" galaxy, and express its dependence on
each component of shearas a Taylor series. For component

@)

and similarly for component,, where numeric subscripts indicate
the components o andg. In the weak lensing limit the cross-
terms vanish. If we sum ovéy galaxies in an unbiased sample we
find

(e1)s ~e1; + g10{e1)i/Og1 + g20{e1)i/Dg2 + . ..

N N

D ler)i = g1y dler)i/Ogn.

We may optionally multiply both sides in equat[dn 2 by a statal

weight for each galaxyy;. Providedw; is uncorrelated witle; we
may then define a weighted estimate of shear for the sample:

g SN wilen):
! Zf\r wi0{eu)i/0gu

for 4 = 1,2. We shall calld(e,):/9g, the shear sensitivitylt

is a measure of how much each Bayesian estimate is biased by
the use of the zero-shear prior, and it takes values in thgeran

0 < 9{en)i/dg, < 1, where the lower bound is expected in the
limit of zero signal-to-noise. The upper bound would bein&d

in the case of ideal measurement at high signal-to-noiserewve
expect no bias: in this case the Bayesian measure is a goaireea

of the true ellipticity, regardless of which prior is assuinand dif-
ferentiating equatidnl1 yields unity for the shear senisjtivihe

©)
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weightsw; could in principle be tuned for optimal signal-to-noise  depend on the shear in our implementation. Let us assumayhat
in the measurement(s) being made, such as the values of eosmoplying a weak lensing shear shifts the likelihood functignsbme

logical parameters. Care should be taken that any weightsate
a function of ellipticity do not introduce bias into shearasare-
ment. Since the shear sensitivity is effectively a measfineow
much information about the effect of lensing is carried bghea
galaxy, the weights should themselves also include a depeed

on d{eu)i/9gu., as well as on the measurement error and on the

redshift-dependent cosmological effect of lensing on egthxy.

The shear sensitivity may be estimated for each galaxy and

for the survey as a whole without recourse to external calibr
tion from simulations, as described below. Kaiser etlal.9f0)9
Luppino & Kaiser [(1997)] Kaiser (2000) and Bernstein & Jarvi
(2002) have emphasised the utility of knowing the shearapol
izability’ or ‘responsivity’ for individual galaxies, ahis not only
allows accurate optimised shear measurement but alsosaflow
ture surveys to be planned and optimised.

The estimatog,, is appropriate for a survey where the shear

is uniform over some region (and this is assumed in the STi@P si
ulations discussed below), but in the more general case stead
infer the shear correlation function or some related gtyastich as
shear variance from a measurement sucteas;). In this case we
can compute the analogous estimator

1; Wiwg(ep)ilen)

1) = s (%en) 0g,) @l 10g)

We now discuss possible approaches to calculating the shear

sensitivity, first for normal prior and likelihood distribians, then
for the more general case where the shear sensitivity maydbe-e
ated numerically from the measured likelihood surfacesdivid-
ual galaxies.

2.5 Calculation of shear sensitivity

As an illustration of the calculation of shear sensitivéyppose
the prior is described by a normal distributi@e) of variance
a? and (e) = 0, and that the likelihoodZ(e) for a particular
galaxy also has a normal distribution of variari¢ecentred on

some valuee,. It is straightforward then to show that the Bayesian

posterior probability(e|y) also has a normal distribution of vari-
ancea®b?/(a? +b?) and expectation valug) = epa?/(a® +b?).
For perfect measurement of ellipticity’( < a?) we expect equa-
tion[ to hold, so for this galax@{e.)i/8g, = deo, /g, = 1.
For more noisy measurement, we expect

ey  d?

dgu  a®+b? gy

The shear sensitivity decreases as the measurement eneases.

The value of the shear sensitivity is also given by the irvers

the slope of the regression of the intrinsic ellipticity astimated
ellipticity illustrated in Fig[1.

The above illustration indicates that it is straightfordido

calculate the shear sensitivity, however in general it Wwadt be

safe to assume normal distributions: not least becatisalefined

2
Oeoy a

T a2+ b2

such thate| < 1, so when the measurement error becomes large
L(e) cannot be normally distributed. We discuss here one metho

of calculating the shear sensitivity numerically. We skioemnpha-
sise that this can be done entirely internally to the fittingcess,
with no need to calibrate shear sensitivity externally freimula-
tions.

Consider first the response of the posterior probabilityridis
bution to a small amount of shear. The prior probability does

© 2007 RAS, MNRAS000,[1H11

small amount£(e —e®) — L(e—e® — g) and expand as a Taylor
series:

s s oL
Le—e®—g,)~L(e—e )—gua—eﬂ—t-....
Then, substituting into
[ eP(e)L(e)de
(e) = LtOIe)ce
JPe)L(e)de

and differentiating with respect pwe find,

dle,) 1 (o) — ) Ple) 2ode
gy JP(e)L(e)de
as an estimate of weak lensing shear sensitivity. This esfe is
cast in terms of the derivatives of the likelihood surfacdtiplied

by the prior: it may also be expressed in terms of derivatbfabe
prior multiplied by the likelihood:

e o _ [ Ue) —e)£le) 2 de
9. [ P(e)L(e)de

This may be evaluated numerically from the posterior prdthab
surface for each galaxy, and is preferred over the precezkpres-
sion in the case where the derivative of the prior is knowrlyana
ically. For the case of normal distributions Bf(e) and L(e) the
expression yields the analytic result above.

3 FAST SHAPE MEASUREMENT
3.1 The algorithm

The technique we adopt for measurifg} and its uncertainty is to
fit model galaxy surface brightness profiles to the data fdivid-
ual galaxy images. The simplest galaxy model has six freampar
eters if the form of the surface brightness profile is fixedtc
surface brightness, size, ellipticity and celestial positThe prob-
lem of fitting six parameters to large samples of galaxielsasthis
could be a time-consuming task, probably prohibitively idow-
ever, we can greatly speed up the process if we can marginalis
over any parameters that are not of interest to the weakilgmnsea-
surement. It turns out thébr isolated galaxie# is straightforward
to marginalise over three of the parameters, central saitfaight-
ness and position, if the model fitting is treated in Fourjgace,
as described below. And because there exist fast Fouriesfinan
algorithms this approach can be done in a short amount of gemp
tational time.

We can start by writing the statistic

2 yi — Oy 1?
e

y-2 2 2
= . a_}+A(C_B) — AB7,

(3

d wherey; is the data value in pixel o; is the statistical uncertainty

of that data valuey;" is a model value for that pixe(; is the model
amplitude and where

=3 (%)

i

: YiYi i\
S x MY (L)

We assume the pixel noise is stationary and uncorrelateidhvig
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appropriate for shot noise in CCD detectors in the sky-nlbisit.
Bright galaxies may make a significant contribution to phnabot
noise, but in this case the non-stationarity of the noiseasdknot
possible to work in Fourier space. Hence this algorithm s aypri-
ate for model fitting to faint galaxies in the sky-limited n@g. The
method can be generalised to the case where the noise aiati
but correlated between pixels, and the example of radioferm-
eter observations is discussed qualitatively in se€fidn 5.

Then if we adopt a priofP(C') for the model amplitude we

can marginalise the likelihood = e=X*/2 over C:

r— 672%2/2026,432/2/
Cmin

Crmax

e OB 2p () dc.

We shall adopt a uniform prior fd?(C) in the rang&Cmin < C' <
Chax. We expectC' > 0, but if the galaxy is significantly detected
the Gaussian form of the likelihood causes the value of thoe
become unimportant at both large and smaland we can simplify
the calculation by allowin@in — —oo andCiax — oo, S0 that

L~ \/2%@72@’1'2/2“1'26’432/2.

However, although we have eliminated the amplitaeC still de-
pends on the model second mometit= " (y" /o:)*. Thus we
need to introduce the model constraiit=constant, achieved by
renormalising each model appropriately. Since for a givatasket
S y2 /o2 is also fixed, we can writ€ oc e*2”/2 when maximis-
ing.

We can also rapidly calculate the marginalisation ovengala
celestial position if we work in Fourier space, writing

L —ik.x; mo_ m _—ik.x
Yi = Yre ) Yi = Y €
k

We can simplify the various summations by assuming that we ar
dealing with faint galaxies in weak lensing measuremertt $hiat

o; is dominated by the background photon shot noise and is con-
stant for all pixels. And since the modgl" is real,y;* = y;** and

S vyt = >, yeyr . If we introduce a shiftX into the model
position, the new model becomes

m/ m _—ik.x; —ik.X
Yi = Y € €
k

i

and
Z y_ym/

whereh(X) is the cross-correlation of the dagawith the model
yi". So the likelihood becomes

[n(X)P?
2023y |

To marginalise oveX we need to adopt a prid?(X), but in this
case it cannot be uniform a —constant a$X| — oo and the
marginalised likelihood would not be finite. This problenisas
because, no matter how large a pixel value, it always has te fini
chance of being due to random noise, with the true galaxygbein
positioned elsewhere. We shall adopt a prior which is cenbre
some assumed galaxy position that has been previouslyatetim
and which falls off to zero at large distances: this is edeivato
assuming that a galaxy does indeed exist somewhere neacthe |
tion we have chosen. We shall assume a prior which is symenetri
and centred on the nominal galaxy position, which for coremre

_ Zykyzn*efik.X — h(X)
k

Locexp{

is at the coordinate origin, such as:

2w L x2/282 2
P(X)d X = 552 ¢ d°X.
The process of model fitting is seen from the above to be one
of cross-correlating the data with a model. Galaxies gdiyera
have smooth centrally-concentrated surface brightnessiitions
which are convolved with near-Gaussian PSFs in an obsemed i
age. The model is also smooth, centrally concentrated and co
volved with the same PSF. From the central limit theorem such
cross-correlation should be well represented by a two-dgiomal
Gaussian distribution,

h(X) = ho exp [—(X — Xo)CTH(X — XO)T]

whereC~1! is the inverse covariance matrix and some st

of the maximum from the origin is allowed. In what follows we
assume circular symmetry for simplicity, although thisumsp-
tion may be removed without affecting the final result (a two-
dimensional Gaussian distribution may always be transfdrto a
circularly-symmetric distribution by a coordinate tramshation).

If the cross-correlation function has the fofm= hg exp[—|X —
Xo|?/s?) then

oo
L x 273172 / exp [Bef‘xfxo‘z/sz] ef‘X‘z/%deX,
0
where
oo B
202 3 ym?

We could evaluate this by, for example, expanding the firpbex
nential as a Taylor series and hence obtaining a seriedsofor
the marginalised likelihood. We could also evaluate it pura-
merically, but this would require evaluation of the crossrelation
function on an extremely fine grid in order to achieve adegjaat
curacy. Either of these approaches would be computatioeal
pensive, and an alternative is to find an approximate valubef
integral by writing

L x 5 162 /00 {exp [Bef‘xfxo‘z/sz] -1+ 1} eI X/ g2 x
u 0
Ifb> s,
L x 1—|——1 26*‘X0\2/2b2 /Oo {exp [ﬂe"X*XOP/ﬁ] — 1} d’X
2mh 0

and changing variables to a polar system centreXon

2 e}
L < 1+ 2_26,‘,(0‘2/21,2 / {exp [5642] — 1} rdr
0
2 B 2 2
i @

approximately, where the constant of proportionality hasnodel
dependency provided is held invariant (we could obtain a simi-
lar result more exactly if we were to adopt a top-hat priortfor
galaxy position). If the widths, amplitudeho and centroidX o of
the cross-correlation function can be measured, the neligga
likelihood may be estimated from equatiﬁrﬂﬁl.ln the more gen-
eral case, where the cross-correlation function is appratéd by

1 It may seem that the requirement for a prior on position masebeoved
by allowing b — oo. However, this is an artefact of the approximation.
There is no clear way of identifying a value fiarbut it should be set suffi-
ciently small that confusion from other nearby galaxiediimieated.
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a bivariate Gaussian with widths ands- in the two principal di-
rections, then equatiém 4 is modified by — s1 s2.

3.2 Implementation

Using the above, the likelihood may be estimated for a givan s
of model parameters, marginalised over the ‘uninterestiagition
and brightness of the galaxy. If we choose either an expa@ieiisc
or a de Vaucouleurs model for the surface brightness, tieepfae
rameters are the scale-length and two ellipticity vakiesr equiv-
alently the scale-length, the axial ratio and the orieatatThe val-
ues ofe are restricted to lie in the rande| < 1, and for faint
galaxies the probability(e) is broad, making a grid searchéran
easy and not-too-expensive approach. The resultinghigetl may
be numerically marginalised over the galaxy scale-lengthich
is also ‘uninteresting’ for weak lensing measurement, ttaioba
likelihood surface that is a function of ellipticity alone.

To evaluate the cross-correlation functiaé(X ) (returning

Bayesian galaxy shape measuremen?

in individual e values may be estimated from the width of the like-
lihood surface.

There is a significant multiplex gain obtained by Fourier-
transforming the models, the PSFs and the data and storeng th
results. The time-consuming step then is the cross-ctior|a
which comprises some multiplications and a single invea@ier
transform to obtain the cross-correlation function. Ithistmulti-
plex gain, combined with the elimination of three paranetsy
marginalisation, that yields a fast fitting algorithm.

The algorithm is approximate, in the sense that we requée th
cross-correlation amplitude to be high enough that> s /202,
and also in that we assume the core of the cross-correlatiamion
can be adequately modelled as a Gaussian, and we have assumed
that the pixel noise is invariant. This latter constraintynrapose
a maximum brightness limit on galaxies that may be fittedhas t
pixel noise is not invariant in the case where the galaxyfitsakes
a significant contribution to the noise. For a fixed size ofanted
region around each galaxy, there is also a maximum galaxy siz

now to the general case where we do not assume circular symme-hat can be adequately measured. Larger sizes are possibie a

try) we can use the fast Fourier transform method, whichgeds
as follows:

(i) Generate a series of 2D galaxy surface brightness maaels
a three-dimensional grid in parameter space of scalefieagt
ellipticity. These models can be discrete Fourier tramsém and
those transforms stored for use with all the galaxies. Tteéceh
of a grid of models allows a considerable multiplex gain tade
alised: the models can be pre-generated on that grid andhthe s
set used for fitting to every galaxy.

(i) Estimate the surface brightness profile of the PSF on the

expense of greater computation time.

We note that, in this method, the final PSF that is used is it-
self a convolution of PSF components arising from the atrinesg
telescope and the pixel response of the detector. We do rdttoe
distinguish the origin of the final PSF that is used, the me:thkes
a galaxy model and convolves that with an estimate of the final
PSF in order to cross-correlate with the data. Ultimatehvéder
this, and all shape measurement methods, are limited bythate
to which the sampled data fully encapsulate the informaiticthe
sky: the effect of sampling is to alias spatial frequencighér than
the Nyquist sampling frequency. This affects both the ooeanf

same pixel scale as the models. Usually this would be done by ¢ stacked PSF and the model-fitting itself. If astronohvbaer-

stacking images of stars from the region of an image as ttaxgal
ies being measured. The PSF can also be Fourier transfomnded a
stored. If the PSF varies over an image or between imagesnthe
age may be divided into zones over which the PSF is approgignat
invariant, and the Fourier transform of the PSF for each stored
separately. If a mathematical model for the varying PSF @am

vations were band-limited this would not be a problem, bue-
ity some aliasing is inevitable. Poorly sampled observatishould
ideally be “dithered” in order to reduce such aliasing dffec

this may also be used to generate a smoothly varying PSF (6.9.4 RESULTS

Rhodes et al. 2007).

(iii) Estimate the rms noise in each pixel from the entire g@a

(iv) Identify a set of nominal galaxy positions to be measre
most likely from a separate image analysis tool such as S&xir
(Bertin & Arnouts 1996).

(v) In turn for each galaxy, extract a sub-image centred an th
galaxy, Fourier transform it, and temporarily store thailes

(vi) For this galaxy, take each possible model in turn, npbjti
by the transposed PSF and model transforms to carry outass-cr
correlation, measure the amplitude, width and positiomefaxi-
mum of the resulting cross-correlation, and hence evathatéke-
lihood for this model and galaxy. Repeat for all models ongtié
(or for a subset of models if a more intelligent maximum-iikeod
or MCMC search algorithm is being employed).

(vii) Numerically marginalise over the scale-length paegen.
In the implementation described here we adopt a unifornr jioio
the distribution of galaxy scale-length. This could be agpd by a
prior close to the actual distribution of galaxy sizes, alifjh such
a prior would need to be magnitude-dependent.

(viii) Discard the extracted data when all models have been e
plored, and repeat for the next galaxy.

The resultis a grid of likelihood values in ellipticity panater
space which thus defines the probability surfage). The reduced
shear may then be directly estimated fr¢e), and the uncertainty

© 2007 RAS, MNRAS000,[1H11

4.1 Tests on simulated galaxy images

The algorithm has been implemented and tested on simugation
provided for the ‘Shear TEsting Program’, STEEP_(Heymangd.et a
2006 Massey et &l. 2007b). Images of galaxies were sintufate
the Canada-France-Hawaii telescope with pixel soale6” . The
simulations used here to demonstrate basic shape measurame
those with an isotropic PSF of FWHM9” and zero lensing shear
(tests of shear measurement in the companion paper wilk @ie
the simulated PSF shapes and shear values). Simulatedegalax
with a mixture of bulge/disc components were used but allewer
fitted with a single exponential surface brightness profile.

As here we are testing the Bayesian method, and not our abil-
ity to locate galaxies, we use as input galaxy positionsettbat
were used when making the simulations. We also adopt asittre pr
‘P(e) the input ellipticity distribution used in the simulations

For these tests the size of each subimage was 32 pixels square
The choice of subimage size is a compromise between (i) avin
the subimage large enough that the galaxy surface brightlistsi-
bution is not unduly truncated and (ii) not allowing the cartgtion
time to become excessively long. In our initial implemeitiatve
have also required that only a single galaxy should occugh ea
subimage, thereby eliminating close pairs. The choice giigels
for the STEP galaxies ensured that the subimage was larger th
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Figure 2. Comparison of Bayesian posterior probabiliiye) (left) and
likelihood L(e) (right) surfaces for two individual galaxies. The greylsca
is logarithmic showing a range of 5 i\ log £ below the maximum value
(shown as white) in each case. The upper panel shows regutsfitting

to a magnitude4.17 simulated STEP galaxy, the lower panel a magnitude
23.15 galaxy. Solid lines show the two parameter and 2-o contours.
The cross shows the input ellipticity value.

the half-light diameter in every case. In principle, theimdge size
could be a function of galaxy size or brightness, but thishiip
cation would introduce some complexity into the code andrivas
been tested here.

The likelihood was evaluated on a cartesian gricjrsam-
pling at intervals of 0.1 out to a maximum axial ratigh = 10.
The resulting galaxy shapes were found to be consistentiifoie
ity grid intervals less than 0.1 for these STEP galaxies. cftoéce
of grid interval may need to be adjusted for different susvey

The PSF was created by stacking stars from the simulation, al
lowing sub-pixel registration using sinc-function intefgtion. Ul-
timately any shear measurement survey will be limited byate
curacy to which the PSF is known. Systematic PSF errors will o
course cause a systematic error in estimated shear, arel HSFk
varies on some angular scale within a survey this will imipan
signal on that scale on the shear power spectrum. This aoiiger

common to all methods of shape and shear measurement, and we

do not specifically address this problem here.

An assumption of the fast fitting algorithm is that we arerfti
to individual galaxies, and hence close pairs of galaxienctbe
fitted with this algorithm. In practice one could identifycéuclose
pairs in the data at the galaxy-detection stage, and on gaaries
we could use a fitting algorithm that fits multiple componeits
this case the full six parameters per galaxy would need tatieel fi
with marginalisation over uninteresting parameters beagied
out post-fitting. There would still be a significant speedadage
to be gained by using the fast fitting algorithm on the mor&isal
galaxies however. In this paper we focus on testing the Bayes
method and the fast fitting algorithm, and hence in the regurk-
sented here we exclude cases where multiple objects aré-iden
fied within a single galaxy sub-image. This procedure exa&tud
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Figure 3. Tests on the STEP 1 simulated galaxy sample, as a function of
galaxy apparent magnitude. Each graph shows the expectatioe of the
Bayesian estimate of component (x-axis) plotted against the input value
(y-axis). Results for componeant are similar and are not shown. Left-hand
panels show individual simulated galaxies, right-handefmshow results
binned in intervals of the measured ellipticity. Two magdé ranges are
shown,m > 22 (upper panels) aneh < 22 (lower panels). The solid
lines have a slope of unity, the dashed lines on the left-lgamels show
the least-squares regression of input values on estimatads The mean
error on individual measured ellipticities is shown on teft-hand panels.
Vertical error bars on the right-hand panels indicate theren the mean
input values in each interval of measured values.

13 percent of galaxies in the STEP simulations. Some reject
close pairs is required in most other methods of shape etitima
also: in future, development of a fast multiple-componétin al-
gorithm might allow this constraint to be relaxed. We alssi the
fit returned by the fast fitting algorithm to determine whetne fit-
ted centroid of a galaxy is within a reasonable range of timinal
position, given the prior on the galaxy position: this woidén-
tify some of the cases of multiple galaxies. The criterioogtdd is
that the fitted galaxy position should lie with#a- of the nominal
position, wheres? is the prior position variance, and this excludes
9 percent of the initial simulated galaxy sample but no athbat
are excluded by the ‘close pairs’ criterion.

Fig.[2 shows the posterior probability surfaces that refsoith
fitting to two of the simulated galaxies. For completenessaise
show the likelihood surfaces, which are broader and morsehia
away from the nominal value of ellipticity.

Fig.3 shows the results for each galaxy in the simulations
(only the first component of ellipticity:, is shown, similar results
are obtained foe). At bright magnitudes there is good correspon-
dence between input and measured ellipticity values. Topeshp-
pears slightly steeper than unity, but with a value for tlopslof
1.04 + 0.08 the departure from unity is not very significant.

At fainter magnitudes, as the signal-to-noise decreaseis-a
creasing fraction of galaxies with a given value of the Bayes
measure are drawn from a wider range of input ellipticiteesex-
pected from the earlier discussion. The slope of the reiabie-
tween input and measured values is again close to unityvaitie

© 2007 RAS, MNRASD00,[TH11
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Figure 4. The summed posterior probability distribution of measietig-

ticity valuese; (top) andes (bottom) as a function of apparent magnitude.
The priorP(e) is also shown for comparison as a dashed line. The magni-
tude ranges of the simulated galaxies.are< 22 (left panels) andn > 22
(right panels).

0.93 £ 0.11. At all magnitudes the summed posterior probability
distribution is a faithful reproduction of the distributiof the in-
put prior distribution (Fid:#) as expected from secfion ZBere is
also no detectable correlation between estimated values afd

ez in this simulated galaxy sample.

We can also investigate the effect of measurement uncsrtain
in the prior positions of the galaxies. A random positionentainty
drawn from a normal distribution was introduced to eachgala
and the shapes remeasured. The prior assumed in the fittsig wa
normal distribution of rms 3 pixels throughout. In the résuho
change was found in the slope of Hiyy. 3 for rms position uagert
ties as large as 10 pixels. The scatter about the mean relditio
not change for rms uncertainties less than 3 pixels andasextby
4 percent for rms uncertainties as large as 10 pixels. Thisrtdi-
cates that the results are not sensitive to uncertaintigalaxy po-
sition measurement. We would recommend that the positimm pr
that is chosen should match the actual position uncertéimtthe
faintest galaxies that are reliably fitted.

Tests of the algorithm, again using the full suite of STERsImM
lations specifically to measure the shear values recovareanade
in the companion paper (Kitching et al. in preparation).

4.2 Speed

The algorithm has been implemented in the C programming lan-
guageE for use on desktop computing systems, with discrete
fast Fourier transforms being supplied by the FFTW library
(Frigo & Stevens 200@. The computational speed per galaxy ob-

viously depends on the computing system being used as well as

on issues such as the extent to which the multiplex advardghge
having many galaxies per PSF function can be exploited. én th
simulations described above, using readily available 2 @etk-

top PCs in 2007 and evaluating the likelihood surfaces orich gr
of sampling interval 0.1 ire, we found computation times around

2 The coddensfitis available on request from the authors: modification to
the data input stages is likely to be required for any pagicsurvey.
3 http://www.fftw.org
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1.0's per galaxy, implying that a survey ti” galaxies could be
analysed in a few months on a single standard desktop PC. The
computation time scales inversely with the square of thepiam

in ellipticity and increases approximately ag log m for subim-
ages of sizen x m.

5 FURTHER CONSIDERATIONS
5.1 The ellipticity prior

A number of studies have been made of the distribution
of galaxy ellipticities (e.g. Lambas, Maddox & Loveday 1992
Brainerd, Blandford & Smail 1996; Ebbels, Kneib & Ellis 1999
Bernstein & Jarvis 2002). These studies find a wide variaiion
distribution of axial ratios, which appears strongly degesmt on
apparent magnitude, presumably largely as a result of thagsh
ing mix of galaxies with brightness and redshift. The disttion

of ellipticities at the faint magnitudes probed by ongoingl du-
ture weak lensing surveys is even less well-known, and tls¢ be
estimate would come from the lensing data itself. For a saffity
large survey the prior estimate could also be allowed to hee-f
tion of galaxy brightness, redshift or colour, if that infeation
were available. One way to estimate the ellipticity priorynhe to
adopt an iterative approach: evaluate the summed posfEnbe-
bility distribution starting from an initial guess of theigr distri-
bution; then iteratively adjust the assumed prior until $henmed
posterior and prior distributions agree. We would expeist tih be

a stable iteration in the absence of sampling noise, bedatse
prior is initially assumed distributed to values that areber than
are required to explain the data, the next iteration wiluatjthe
prior to be distributed to large values, avide versa Such an ap-
proach might however be unstable with small surveys where sa
pling noise might be important.

In the case of lensing shear estimation, the ellipticityopri
should also include the shear effect, and should not jushéént
trinsic pre-sheared distribution. As the shear varies datively
small scales, and we are unlikely to have sufficient number of
galaxies to measure accurately the ellipticity distribatin small
regions, we suggest that correct generation of the priawlghme to
force the prior to be circularly symmetric, centred @ = 0, and
to be obtained from the large numbers of galaxies that caapine
full survey. In this way ‘false’ shear variation arising fnmoise on
the prior would be avoided, but the resulting shear valuasiadvoe
slightly biased to low values, in a magnitude-dependent Whis
bias has already been discussed in seEtidn 2.4 and a method of
recting for the bias using the shear sensitivity has beecritesl.

5.2 Choice of model surface brightness profile

A key advantage of the model-fitting approach over other nuh

is that a surface brightness profile may be chosen that aetyra
represents the actual profiles of galaxies. Two obviouscelsoof
profile are exponential or de Vaucouleurs. In fact, it is niotgsly
difficult to choose between these profiles when fitting totfgaiax-

ies, so we do not expect the accuracy of the weak lensing mea-
surement to depend strongly on which of these profiles iserhos
Some greater freedom in profile could be allowed by adding the
Seérsic index as a free parameter, allowing exponentiabendau-
couleurs models to be treated as special cases of this ¢jsadra
profile (e.g/ Dunlop et al. 2003), however it is unlikely thia¢ ad-
dition of an extra parameter can be justified on evidencergteu
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A similar consideration is that galaxies generally are cosegl of
bulge and disc components, which when viewed at an inclimed a
gle may present differing ellipticities: accurate modwailiof galax-
ies requires both components to be fitted, but again, forrgene
shape measurement of faint galaxies where informatiorisievel
of sophistication is not present in the data, this seems uand.

5.3 Addition of multiple images or wavebands

It may be that a weak lensing survey comprises multiple imaje
the same region of sky, but taken at different times and heiitte
differing PSFs, and possibly in different wavebands. Theeids
likely if broad-band optical photometric redshifts arecalseing
estimated from the same data that is being used for shapaireeas
ment. Clearly one would like to optimally estimate galaxysé
from the combination of all this data, but it would not be ol
simply to co-add the data, because of the differing PSFsdh ima-
age. The model-fitting algorithm described above allowstarah
way to optimally include all the data, since all we need dodd a
the likelihoods for the models fitted to each galaxy. In ddihig,
we should take care that the nominal galaxy positions areahe

6 CONCLUSIONS

We have argued that a model-fitting approach to galaxy sha@e m
surement should provide an optimum approach to shape ngeasur
ment for large weak-lensing surveys, with the advantagasstte
signal-to-noise of the shape measurement should be optinaisd
random measurement errors can be estimated. We have farther
gued that a Bayesian estimation process allows unbiasee &a
timation to be made, although even in a realistic implenteniaf

a Bayesian method there is a bias in recovered shear valwes in
duced by the presence of the prior probability distributibinis bias
may be calculated from the measured likelihood surfacegeher,
and in this paper we have spent some time discussing thel@alcu
tion of the ‘shear sensitivity’. Overall this approach t@ph mea-
surement should provide a framework for shear measurerhant t
does not need external calibration by comparison with sitirs.

A traditional disadvantage of model-fitting is that it may be
computationally time-consuming, and in this paper we prese
fast algorithm for measuring the shapes of individual gax
The algorithm makes use of analytic marginalisation ovefase
brightness amplitude, and by working in Fourier space asabl
rapid marginalisation over galaxy position. The algorithas been
tested and has an adequate speed on current generatiomspfteo
ers for use with large ongoing and planned weak-lensingeystv

in each image, so the optimal way to proceed would be to co-add Close pairs of galaxies are not treated by the algorithm pbot

images for the purpose of detecting and measuring nomitakga
positions only, and then fitting each individual image witbdals
convolved with the appropriate PSF and adding the resulitied-
hoods. Images with a mixture of seeing qualities are thusnaity
combined for the shape measurement.

5.4 Weak lensing from radio interferometer data

It is clear that in large future optical surveys systematicartain-
ties in PSF correction will be a dominating concern, inddesl is

a significant factor in the case for space-based weak lemsisg
sions. Ground-based optical PSFs vary temporally and viteyr o
on spatial scales comparable to those on which the cosmar she
signal is detectable. Even HST lensing studies suffer fogmitly
from PSF variation| (Rhodes et/al. 2007; Schrabbackléet al7)200
In principle radio interferometers have precisely knowr-B,%e-
ing determined by the antenna positions (note that full 3bvkn
edge of antenna positions is required, to allow for cuneanfrthe
Earth and natural height variations). The PSF varies witlr lam-

gle and declination, but in a completely deterministic w@sher
effects such as bandwidth and sampling-time smearing sanbal
precisely computed and incorporated into the shape measuate
process|(Chang etlal. 2004). Because interferometer nerasuot
are made in the Fourier domain, and because the noise afso ori
inates in that domain (being associated with individuakanas)

it makes sense to measure galaxy shapes in Fourier spade(in t
image plane the noise is correlated between pixels, effdgtbe-

ing also convolved with the PSFE). Chang & Refregier (2002) an
Chang et al.. (2004) have already shown how a shapelets @(Refre

vided such close pairs can be identified in the data a sefatag
process may be applied to those.

The Bayesian method and fast fitting algorithm have been
tested on simulated galaxies created for the Shear TEstoggdm
(STEP1Heymans et &l. 2006; Massey et al. 2007b) and prognisin
results on the measurement of individual galaxy ellipgsithave
been obtained. A companion paper (Kitching et al. in pretmara
will test the measurement of weak lensing shear in the STHEB-si
lations.
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