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Chapter 1

Introduction

Strong gravitational lensing — when the potential of aLensing distorts the background source, as described by
massive foreground object causes the formation of multipfe JacobianA = %. The inverse of this distortion ma-
images of a background source — is a powerful tool for casx is the magni cation (or ampli cation) matrixA *; the
mological and astrophysical research. Applications idelumagni cation, de ned as the ratio of lensed ux to unlensed
measuring the mass distributions of dark and luminous maix, is = det(A 1). The distortion and magni cation
ter, and measuring cosmological parameters via the lensaye- primarily in the tangential direction, and result in an
ometry or abundance (see e.g. Meylan et al., 2006, faimgrovement in the resolution of the source galaxy (e.g.,
review). For many applications, however, a homogenoBshneider, 2006).
and well-understood sample of lenses is required. This
necessitates large-scale, systematic surveys (Turnér, et a
1984; Bolton et al., 2006; Inada et al., 2008). The HAG-
GLeS “robot” (Marshall et al., 2008) is one method for nd-
ing new lenses in a quantitative and reproducible selectls_
function. In order to then use these systems as cosmic tel ) :
scopes the lenses must be modeled, because in additiotﬁ)rtgf 28.'The|r model requires atwo-component source,
being magni ed the source is also distorted. One such m nich are interpreted as regions of star formation within

eling method is KLens, originally developed by L. Melling_t,he source galaxy. The velocity gradient of the source

P.J. Marshall, and T. Treu (UCSB). Models for both the let saISO reconstructed from [OIll] emission lines and sug-

galaxy mass distribution and the source galaxy light peof eséss\?o%tsﬂgg 1%'Sk Sta:k d?t dalt.) (ZI\(/I)OS)H ”Thf s]ou;((:)eoso f
are found, allowing us to determine physical properties P was studied by Marshall et al. ( );

the source. The HAGGLeS robot —for nding gravitationaf 'S small galaxy is fOl.md to have a.Iow Sersic index and
(ye below the local size-mass relation. The use of lenses

lenses —and KLens — for modeling them — are the tools ué% ) . .
in this work. as cosmic telescopes is of particular advantage for galax-

ies such as the Cosmic Eye and SDSSJ0737+3216 which
are at intermediate and high redshift because studies of
such galaxies are limited by HST resolution (Phillips et al.
1997).

Recently, several lenses have been used to study the
ogurces. (Smail et al., 2008) study the source galaxy (
@_74) of the Cosmic Eye lens, which is magni ed by a fac-

1.1 Studying lensed sources

One application of strong gravitational lensing is theie us

as “cosmic telescopes”: lensing magni es the sourc

fold and thus sources may be studied in unprecedented déjsing gravitational lenses to super-resolve these high
tail. In this application, one may use galaxy clusters mdshift galaxies is important for probing the populatidn o
groups or individual galaxies as the lens. We will con ngalaxies fainter and smaller than current limits. Howewer a
our study to galaxy-galaxy strong lenses, where both tnentioned previously, lensing distorts the source galaxy i
source and lens are single galaxies; these objects are hdifition to magnifying it. In order reconstruct the source
more abundant and simpler to model that cluster or groplpne light distribution and study the physical propertiés
lenses. the source galaxy, we use the lens equation.



Strong gravitational lensing can occur when the surface

'"‘-'-L_ . mass density exceeeds the critical density, given by

Source plane _  Ds (1.3)
I ; o 4G DpDps '

i
1 Thus, whether or not lensing occurs depends on the dis-
,' : Duy tances between the observor, source, and lens, as well as or
] ' —_ the location of the object in the source plane.

1 From Fig. 1.1 we read off the lens equation geometri-

|

T

: = . cally, making the assumption that the angles are small. Us-
I f # / G, ing as the the angular position in the source plane and
-8 4 Vi 1 as the angular position in the lens plane,

= () (1.4)

0, One part of the process has been overlooked: we need to

know what the surface mass density of the lensing galaxy

is in order to reconstruct the source using the lens equation

This is not something we know off-hand. In this work, we

- model both the lens galaxy mass and source galaxy light si-
multaneously, with the goal of nding the set of parameters

at provide the best t to the data.

Observar

Figure 1.1: Histogram of source galaxy inclinations, &
F814W models.

1.3 Basics of statistical inference

1.2 Lens equation Our goal is to construct models for the lens galaxy mass dis-

tribution and source galaxy light pro le, which we will do
The lens equation describes the manner in which lighithin the framework of Bayesian statistics. We begin with
from the background object is bent from its position in tHUr data: the measured ux and rms noise at each pixel of
“source plane” to its observed position in the “lens (or inthe image pland,;.predicted . In this work, lens galaxy
age) plane” (see Fig. 1.1). Here, we iBg,Dp, andDps light has previously been subtracted; thus the data cansist
as, respectively, the the angular distances to the sowrcé@ftthe lensed source images, noise, and other residuals left
the lens, and between the lens and source. General rel@iter subtraction but unassociated with the lensing. We as-
ity predicts that if the impact parameter of a light rays Sume here that the noise is Gaussian, and the prior probabil-
much larger than the radius of the mass itself, the de ectitiy distribution function (prior pdfPr(fijM)) is therefore

angle is: a Gaussian centered bpyeq - If p are the vector of model
parameters and the ux at each pixel is independent, then
_4cM 1 the probability of getting the data, giverpaand a model,
"o G4 s
\1 1 2
For an extended mass, this equation can be generalized for Pr(djp;M) = Pr(fijp;M) = ze 7 (1.5)
an optically thin lens by integrating over the suface mass i=1
ggnsity. With the coordinates of the mass &she equation Pr(djp:M) can also be written as:
z 0 Pr(djp;:M) = Pr(djp; '
jp;M) = Pr(djp;M)Pr(pjM)
_ M dm( 9—— (1.2) _ ) . (1.6)
c? j g2 = Pr(pjd;M)Pr(djM)



We are interested iRr(pjd; M), the posterior pdf of all
parameters, given our data and model. In the above equa-
tion, Pr(pjM) is the prior pdf for the model, that is the
prior probability of getting the parametepsgiven the cho-
sen model. Our physical knowledge of the Universe goes
into the prior, and the best prior is in fact the posterior pdf
from a previous study. Rearranging equation 1.6 results in
the equation for the posterior pdf:

Pr(djp;M)Pr(pjM)

(1.7)

For our simple example of Gaussian noise, letfg)
stand for the posterior andp) for the prior, the equation
for the posterior pdf reduces to:

0gP(P) = 5 2 log( (p)  (18)

X Tiprea)?
= e (1.9)
i=1 !

2

1.4 Outline

This thesis is broken into two main parts: nding and mod-
eling gravitational lenses. In Chapter 2, we use the HAG-
GLeS robot to nd new lenses, with the goal of completing
an ef cient and quantitative search. We brie y the discuss
the search methods, then present the results: 4 new lenses
and 1 new candidate. Lens modeling — using KLens — is
presented in Chapter 3; our aim here is to study the lensed
sources. We also model the lenses found in Chapter 2. In
both Chapters, we include a brief description of the changes
made to the HAGGLeS and KLens codes. The work for
Chapter 2 was published in Newton et al, 2008.



Chapter 2

Finding gravitational lenses: HAGGLeS
automated lens detection

2.1 Introduction candidates by eye from HST color images of the Extended
Groth Strip (EGS) elds. Other authors have attempted
In this Chapter, we aim to ef ciently nd new strong grav+o pre-select massive galaxies by their optical magnitude
itational lenses using the HAGGLeS robot (Marshall et ahnd color, and then examine the residuals after galaxy sub-
2008). As suggested by Fassnacht et al. (2006), we tigction. This was done in the Great Observatories Origins
to improve our ef ciency by looking for new lenses neabeep Survey (GOODS) lens search (Fassnacht et al., 2004)
known ones. We begin by introducing recent gravitationahd the Cosmic Evolution Survey (COSMOS) lens search
lens surveys, and i®2.2 present the sample for our owiiFaure et al., 2008). Most recently, Jackson (2008) ex-
search. We discuss the preparation required to use téided this method to lower mass galaxies, but focused on
HAGGLeS robot inx2.3. Inx2.4 andx2.5 we outline the viewing large-format arrays of unsubtracted color galaxy
four search procedures and the results of each searchcw@ut images. The Sloan Lens ACS Survey (Bolton et al.,
discuss the success of these methodiB. We present 2006, 2008a) candidates were selected based on spectro-
and discuss our results 2.7 and conclude with a sum-copic data indicating multiple redshifts in the spectrdm o

mary and recommendations xa.9. early-type (and hence massive) galaxies, then classi ed us
ing this data and visual examination of high resolution HST
2.1.1 Recent surveys images (before and after lens galaxy subtraction).

Most gravtitational lens searches so far have focused on eRecently, several algorithms for automated lens detection
ther the source or lens population, employing a rangehafve been developed. Those developed by Alard (2006),
different strategies. The former is particularly useful f&eidel & Bartelmann (2007) and Kubo & Dell’Antonio
constraining the cosmological model, while the latter is p(2008) look for arcs, a common feature in both weak
marily used for studying mass distributions and galaxy evend strong lensing on group and cluster scales. Estrada
lution (Meylan et al., 2006). Searches targeting potent&tl al. (2007) and Belokurov et al. (2007) suggest mining
sources have included looking for multiply-imaged radiatabases for blue objects near potential lenses, since the
sources — as in the Cosmic Lens All-Sky Survey (CLAS8tost common sources are faint blue background galax-
Myers et al., 2003; Browne et al., 2003) — and examiniings. The RingFinder (Cabanac et al., 2007) applies the
known quasars (e.g. Maoz et al., 1997; Pindor et al., 20083me logic to smaller image separation lenses, subtract-
The Sloan Digital Sky Survey (SDSS) Quasar Lens Seainsh a rescaled red image from a blue cutout image to dig
(Oguri et al., 2006; Inada et al., 2008) selects lensed guasihin the lens light distribution; it then analyzes the sbs
candidates using two algorithms, one based on morphole@gd positions of the remaining residuals. Most recently
and color for small-separation images, and one based dhly HAGGLeS automated lens detection “robot” (Marshall
on color. Of the surveys targeting potential lenses, mestal., 2008) attempts to model every object (typically se-
have involved inspection of high resolution images. Ra&cted to be Bright Red Galaxies or BRGS) as a gravitational
natunga et al. (1999) and Moustakas et al. (2007) seledtats, i.e. as a combination of background light from the
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source that is consistent with having been multiply-imagetear known ones than we would otherwise. For example,
and residual foreground light from the lens galaxy. The rféassnacht et al. (2006) presents just such an occurrence:
sult is the robot's quantitative prediction of how a humahe researchers discovered two additional lens candidates
would have classi ed the candidate. less than 40 arc-sec from the known lens B1608+656.

2.1.2 Goals

2.2 Sample selection and object detec-
The 200 galaxy-scale lenses known today have been P J

found through the numerous selection algorithms described tion
previously, and include a signi cant number of serendip-
itous discoveries. Although this has enabled substanfcause we are using the clustering of gravitational lenses
progress, the number is still the limiting factor for markp increase the yield rate of our survey, as our dataset
applications. we use a subset of the SLACS HST/ACS elds. The
Fortunately, we are about to enter an era when orders$S6ACS survey has discovered 70 de nite galaxy-galaxy
magnitude increases in the number of known lenses will$jgong lenses (Bolton et al., 2008a) to date. These de -
possible. In the near future, wide- eld surveys such as thie lenses have clearly identi able lenses arcs or multi-
proposed Joint Dark Energy Mission (JDEM) and Euclile images in addition to spectroscopic data; due to the
space missions would provide 10°  10* square degreestigorous requirements for this classi cation, we consider
of high resolution imaging data (Marshall et al., 2008). A@!l to be con rmed lenses. Of these, 63 are well-modeled
tomation will be needed to examine such large areas obgra singular isothermal ellipsoid (SIE) and have lens and
manageable timescales, and to draw attention to those §psice redshifts along with F814W photometry for the lens
tems which have a higher probability of being lenses. \Walaxy; most also have measured stellar velocity disper-
also must be prepared to proceed without the help of spgiens (Bolton et al., 2008a). This makes the SLACS lenses
troscopic data. the largest homogeneous sample of strong lenses to date.
We describe here just such a survey: based purelyEgeh of the elds we use is centered on one of the known
imaging data, and with a suf cient degree of automatiofLACS lenses (hereafter the “main lens”); we thus make
We compare the accuracy of four methods of searching &€ of gravitational lens clustering in every eld. The ma-
strong gravitational lenses. Presented in order of dedgredosty of our elds were observed in just one lter, meaning
automation, they are: (1) using the HAGGLeS robot (Mdhat we by necessity pre-select bright galaxies (BGs) rathe
shall et al., 2008), (2) examining subtraction residualg.(ethan BRGs. For the automated portion of our searches, we
Faure et al., 2008), (3) looking at galaxy cutouts (e.g. Fadse the HAGGLeS robot which, in addition to performing a
nacht et al., 2004; Jackson, 2008), and (4) performing a&§lantitative lens classi cation, creates a useful datelwds
sual inspection of entire elds (e.g. Moustakas et al., J00@alaxy cutouts and residuals.
We additionally aim to make use of galaxy clustering in
order to improve the ef ciency of our search, as suggested
py Fassnacht'et al._(2906). Thg most likely !ensing gala%:?) Preparing the HAGGLeS robot for
ies are massive ellipticals with:3 < z < 1:3 (Turner
et al., 1984; Fassnacht et al., 2004): we may expect that US€ onthe SLACS elds
focusing on bright red galaxies (BRGs) will increase the
lens detection ef ciency (e.g. Fasshacht et al., 2004; &awvhen running the HAGGLeS code on new elds and on a
et al., 2008; Marshall et al., 2008). The sources, mear@w machine, one encounters problems that must be xed
while, are predominantly expected to be faint blue galaxies the code to run succesfully. In making these corrections
(FBGs) at redshifts at or above 1 (Marshall et al., 200%)e code becomes more readily adapatable to new situa-
Both of these types of objects (potential lenses and potgans. Additionally, the elds themselves must be made ac-
tial sources) are clustered, BRGs more strongly that FB@ssible to the HAGGLeS program. This primarily involves
We therefore expect that strong gravitational lenses are dhe selection of BRGs, which are the most likely lensing
clustered; we anticipate nding more new lenses by lookirgglaxies.
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2.3.1 Preparation of elds How do we limit the number of edge defects selected and

. . . . stars selected as BGs?
Most lens- nding methods involve examining bright galax-

ies (BGs), as being the most likely to be lensing galaxiEslge defects — noise in the image caused by close proxi-
(e.g. Fassnacht et al., 2004; Faure et al., 2008; Marsimaithity to a elds' edge — were selected as BGs. Addition-
et al., 2008). Here this selection is done with magnituddy, several stars were selected as BGs in each eld, al-
and size cuts on catalogs made with the SExtrdcoft- though the lower limit on the FWHM prevents many from
ware tool; only a third of our elds have multi- lter ACS being selected. Thus searched the SExtractoroutput was for
data so in order to maintain consistency we do not use cadomething which distinguished stars and edge defects from
selection even when it is possible. We choose an appastual BGs; the desired values are the internal extraction
ent F814W magnitudenf{rg14w ; using Kron-like elliptical ags. The possible ags are listed below:

apertures) limit of 22. Other limits were tried, but 22 was _ _ ,

found empirically to be the best balance between ef ciency 1+ The object has neighbours, bright and close enough
and the selection of all bright galaxies: withegiaw < 22, to signi cantly bias the automag photometry, or bad

a total of 2399 BGs are selected, but withgiay < 23, pixels (more than 10% of the integrated area affected)
that number jumps to 5439 without adding signi cantly to
the actual number of morphologically early-type galaxies
selected. The minimum size selected is FWHREIS, 4: At least one pixel of the object is saturated (or very
in order to reject most stars. Bright stars are rejected by close to)

limiting the maximum peak ux to well above the levels S _
found for any galaxy. We additionally use the SExtractor 8: The object is truncated (too close to an image
“ ags” parameter to limit the remaining contaminants, such ~ oundary)

as edge defects and additional stars.

2: The object was originally blended with another one

16: Object's aperture data are incomplete or corrupted

2.3.2 Adapting the code 32: Object's isophotal data are incomplete or cor-

, , , rupted
The primary issues we encountered when adapting the

HAGGLeS code were associated with the selection of BGs, 64: A memory over ow occurred during deblending
which is accomplished with a set of magnitude and size
cuts. We found it necessary to make adjustments in order
to both limit the number of contaminents and to assure tlcl%t
all main lenses were selected as BGs.

128: A memory over ow occurred during extraction

limit the number of stars, we reject saturated objects us-
ing ag 4. To reject edge defects, we require that the ag
also be less than 16; any “objects” with corrupted or incom-
Why are blank images selected as LRGs? plete aperature and isophotal data were found to be edge de-

The object list created by the preparation progrartr?CtS' Rejecting objects with ag 8 might seem more appro-

shagselectLRGs produced a large number of “objectspr’iate’ however a prief examination of eglge defgct objects
that were blank sky or partially comprised of the blank borlgveals that mos_,t _('f not all) were not ass'gned th{s ag. On
der of the image. To select large, bright galaxies, this pm-e other hand, it is worthy (,)f hote that objects W',th ags 1
gram compares the magnitude and full-width at half mafl[]d 2 are actually of great mter(_ast tous: a IenS|_ng gala_lxy
mum (FWHM) of each object selected from SExtractor d its lensed source_could easily be seen as bright neigh-
threshold values. Each of these values is one of mal/> ©" @S blended objects.

columns output by SExtractor. However, the columns of

sextractor data it was calling were wrong: since the coddy were several main lenses missed during the BG se-
had been written, more columns had been added. Olf&ion?
the column numbers were updated, no blank sky or bordFrﬁ?ially,

7 of the main lenses were not selected as BGs; this
were selected.

occured because their FWHM lay below the threshold of
Yhttp://terapix.iap.fr/ 7.155 pixels. This threshold PSF had been hardcoded in
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for a 0.03 arc-seconds per pixel scale, and at 1.5 timesleeause the le temp.ps that it was supposed to be creating
number calculated using a gaussian of FWH4 the jpg could not be found. This intermediary was removed

The pixel scale should be found in the image header. tesome point, following which none of the scalar objective
initially tried calculating the pixel scale from the CD miatr plots were made. However, all les called existed, and the
(this matrix describes how the axes of the pixel coordingieogram succesfully completed when on its own. The cause
system varies with the WCS coordinate system). The pixglpears to have been running all 44 elds simultaneously.
scale should be the square root of the determinant of thiee scalar objective plots are now directed through temp.ps
matrix; however, this calculation lead to pixel scales thiata slightly different manner, and no error has been found
varied from less than 0.02 to 0.05 arc-seconds/pixel. Tiace.

FWHM cutoffs calculated from these scales resulted in 17
elds where the main lenses were missed. The problemyg were several main lenses not modeled at all?
presumed to be caused by the distortion of the ACS eld.

A code provided by P.J.M correctly calculates the pixeeveral main lenses were noticed to not have been mod-
scale as 0.05 arc-seconds/pixel. This gives a PSF of @& at all, which resulted in a blank masked input image,
pixels, certainly low enough that no main lenses will B&@rresponding source, and reconstructed image. This oc-
missed. However, many stars will also be selected witl¢'d's when the maximum Einstein radius probed is not large
PSF this low, so we choose to multiply it by 1.536. Thignough: there was no peak in the minimum scalar objective
gives a FWHM lower limit of 4.3 pixels or%215, which and so no best t is found. These objects are then given
will reduce the selection of stars while still selecting a# classi cation of 0. Changing the maximum Einstein ra-
main lenses. The pixel scale is stored in the pxiscale.txitis from 1.5 to 2 arc-seconds xes this problem, and also
the catalogs/log folder of each lens. It is created durimg lightly increases the number of main lenses detected.
lens preparation step using the bluest lter, so if objeots f

inspection are selected manually, the pixel scale must
be entered manually. The pixel scale is called from Ie,f;;érs'(21 Search Methods

_rIJ_?sseql "'?“a cgr?m?nci gn§3optlon, whgnever 'F |s|needwé use four distinct methods to search for gravitational
ere is still a default of 0.03 arc-seconds per pixel. lenses. They are presented in order of degree of automa-

tion, where the rst has the most pre-selection and analysis
Why were three elds not completed succesfully? and the last none:

For three elds, the HAGGLeS program was aborted while
running shaghresholdimage.csh. The source of the er-
ror was the variable phiO, which was small enough that it
necessitated scienti ¢ notation. A calculation was done us
ing the bc calculator, which cannot handle certain notation
and returned a null value. When shtgesholdimage.csh Procedure 3: Inspection of cutout images of bright
was called, the value of phiO was considered to be the next galaxies

command line option (a le name) and was not found. This

problem was solved by putting the calculation within the —Procedure 4: Full-frame visual inspection of the ACS
awk command. Images

Procedure 1: Using output from the HAGGLeS robot

Procedure 2: Inspection of subtraction residuals of
bright galaxies

In general we expect our searches to be sensitive to lens-
ing events similar to, but fainter than, the SLACS main
The HAGGLEeS robot produces six jpegs which are writtéenses. With the BG selection in Procedures 1-3, and the
to a webpage, including a plot of scalar objective functiannate limits of the human eye in Procedure 4, we are bi-
versus Einstein radius. The scalar objective is the ux m tlased towards lensing events around large, luminous galax-
source plane; the model that results in the maximum uxiss. However, empirically the main lenses are the brightest
taken as the optimal one. Initially, several of these scatdjects (other than saturated stars) in the elds, so we ex-
objective plots were not made in each eld. This occurguect any other lenses we nd to be, by necessity, fainter.

Why were several plots not made?
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lens and optimize it. However, the amount of information
available during each lens search with which to do this may
vary: in any given search we always lack additional un-

Table 2.1: Lens Classi cation Systems

Human clas$i  Robot clas$d, De nition ) } o o
3 >25 De nitely a lens derstanding that would aid us in identifying lenses. When
2 1.5t02.5 Probably a lens carrying out the four different search procedures, we there
1 0.5t0 1.5 Possibly a lens fore assign each system a valde (wherei = 1;2; 3 or 4):
0 <0.5 De nitely not a lens

each of these is our best guess as to the classi cation that
a trained human would have assigned the system, if they
had been given only the data presented iri therocedure.

The main lenses also favor high magni cation con gura(rThis results in four “re-classi cations” for each main keh
tions (Einstein rings) due presumably to their spectrolscopVe consider the “true” classi catiok to be the value we
selection; we expect to be somewhat preferential in this g€ an object when taking into accouait data.
gard as well, on the grounds that these distinctive casés wil
be easiest to identify visually. _ 2.4.1 Procedure 1: HAGGLeS robot

Before continuing, we rst consider the question “what
is the probability that this object is a gravitational I€hs?n Procedure 1, we use the HAGGLeS robot, the automated
The classi cation of lens candidates has varied among 1bés detection program developed by Marshall et al. (2008),
major surveys targeting potential lenses, as has the datagoflentify samples of lens candidates prior to visual in-
which these classi cations are based. The COSMOS lefsection. The robot treats every object as if it were a lens,
search (Faure et al., 2008) sample is subdivided into “bggidels it, and then calculates how well the lens hypothe-
systems”, which are deemed to have a greater probabi§iy works. It extracts and uses 6 arc-second square cutout
of being lenses than the remaining objects. GOODS (Fasasages of each object, and then focuses on the residuals
nacht et al., 2004) selected candidates and voted to chanage by subtracting off an elliptically symmetric Moffat
“top candidates.” Jackson (2008) groups potential leng#e le model for the putative lens galaxy light. The grav-
into three categories: very likely or certain lenses, posgational potential of the lensing galaxy is assumed to be
ble or probable lenses, and not-lenses. The SLACS ssuf ciently well-described by a singular isothermal spher
vey (Bolton et al., 2008a) also groups candidates into th(&S) plus external shear; this model is tted to the residua
categories (de nite lenses, probable lenses, and incengidage. Disk-like features and bright neighboring objects
sive/not lenses). We note that the classi cation of de nitgre masked before tting. When multi- lter data is avail-
or probable lenses is not the same across surveys, and thgike-it is used, and although the robot does not rely on color,
fore one has to be careful to impose similar quality critefjgth it performance is expected to improve (Marshall et al.,
when comparing inferred density of lens galaxies. 2008). Based on the results of the modeling process, the

In this work we follow Marshall et al. (2008) and emrobot calculates and assigns a valueHgfto each object,
ploy a 4-point subjective classi cation scheme, outlineghereH; is the robot's estimate of the classi catidd a
in Table 2.1: the classi cation parametét may range human would have given the system. We summarize the
from 3 (de nite lenses), through 2 (probable lenses) ahdman and robot classi cations in Table 2.1 (after Marshall
1 (possible lenses), td = 0 (de nitely not lenses). Eachet al., 2008).
of the 44 elds in our sample contains a con rmed lens The robot may have one of two characters, re ecting the
from the SLACS survey, where here the grade is basedgior probability that an object is a lens. The “realistic”
all available data, notably the galaxy spectrum (includirgyaracter robot might expect 0.1% of objects to be lenses,
anomalous high redshift emission lines) and clear lensirgd the “optimistic” character robot might expect 60% to
consistent residuals after lens galaxy light subtractioalli be (Marshall et al., 2008). The realistic robot is approxi-
procured lters. We thus assign the classi cation parametgately in accordance with current estimates of the fraction
H = 3 for each main lens. of strongly lensed galaxies (e.g. Bolton et al., 2006; Mous-

Humans (after some training) are adept at identifyitgkas et al., 2007; Marshall et al., 2008), while the opti-
gravitational lenses by eye, using high resolution imagingstic robot has the advantage of being most inclusive by
data alone; we effectively make an internal model for tigéving higher values ofl ;. These two prior probability dis-
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Table 2.2: Prior probability distributions for robot chera traction residual data.

ters
2.4.3 Procedure 3: Examining BG cutouts

Character PH=0) PrH=1) PrH=2) PrH=3)
Realistic  0.900  0.080  0.019  0.001 In this method, we inspect each of t6&°by 6°°cutouts
Optimistic _ 0.050 0.100 0.250 0.600 of the BGs provided by the HAGGLeS robot. We again
display the cutout images in a grid for rapid viewing, mak-
ing this procedure very similar to that employed by Jackson
tributions are given in Table 2.2 (after Marshall et al., @po (2008). However, the stretch of the cutouts’ image display
Marshall et al. (2008) note that while the realistic robai-pr'S x€d for all objects at a level appropriate to the EGS-type
duces lens samples of high purity — and correspondindfses (Moustakas et al., 2007). This makes this method
little need for human inspection — a highly complete searEﬁ”'CU_lff‘”y sensitive to faint Ier]SIng events, and somﬁwh
requires, at present, a more optimistic robot. !nsensm_ve to lensing by very br_lght _galaxn_es._We assign ob
We ran both the optimistic and realistic robots in order g¢ts Of interest a human classi cation, this tirtg, using
verify this last claim, but chose to use the optimistic rob8flY the galaxy cutout on display.
to search for new lenses, as our sample is small and we are
most interested in nding all lenses present in our sampfg4.4  Procedure 4: Full-frame visual inspection
When comparing the performances of both robots, we refer . _ .
to the optimistic and realistic robot classi cations ldg”* During the full-frame visual inspection, each of the 44
andH @ | respectively. The main goal of the comparisof!ds’ F814W ACS images is viewed with dsb.We ini-
is to gain insight into the populations of objects selectdiflly set image parameters in each eld so as to be sen-
and thus help improve the automated part of this procedgié/€ to the lensing events we expect to nd: similar to,
for future surveys. but fainter than, the main lenses. We do this by setting the
The output from the robot includes an individualizetit€nsity stretch such that the main lens is slightly over-
webpage for each object, containing the cutout, subtr§éturated; from this display we select objects of interest.
tion residual, masked residual, and estimation of Ef9" €ach object, we adjust the scale limits and intensity
stein radius. This page also displays the minimal sourlEetch such that the potential lensing features are mest ap
able to produce the observed con guration, and the p;@rent, then decide on a classi cation. Procedure 4 differs
dicted image-plane residual reconstructed from this miffiom the previous three most notably in that all galaxies
mal source (see Marshall et al., 2008, for more details). Wehe eld — not just BGs — are examined, and that their
viewed the pages of objects for whieh®® > 1.5 (indicat- VI€WINg parameters are set individually. The human clas-
ing optimistically probable and de nite lenses), and ga\§écation parameter assigned in this procedure is denoted
each object a human classi catidt;, using the same data4-
that was available to the robot (namely, the cutout image
n raction residual im nd the lensmodel
and subtraction residual image), and the lensmode outpg% Summary of results
produced by the robot.

During each inspection procedure, any potential gravita-
2.4.2 Procedure 2: Examining BG residuals tional lens was marked and assigned a human classi ca-

] _tion parameteH; based only on the information available
Procedure 2 makes use only of the subtraction reS|dul§a,]§ing the search procedure by which it was found. To

produced by the robot. We examin.e the resit(:l)gals gg $E classied as a 2 or 3, an object must clearly show one
ery BG initially selected in the elds; all of thé™by 6™ ¢ e following: (1) two compact images to either side

su_btraction_ re;idu_al cutouts for a eld are d_isplay_ed incﬂ the potential lensing galaxy; (2) strong tangential arcs
grid for rapid viewing. When multi- lter data is available

_ _ _ ,C'{)articularly if forming a portion of a ring; (3) more than
the residuals are shown in color. Looking at the 44 gri S0 images identi able with a typical (quad or triple) lens

we note all objects of interest; to each of these objects we
assign a human classi catidf », based solely on the sub- 2http://hea-www.harvard.edu/RD/ds9/
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geometry. The strength of the object's candidacy is deter-

: : .~ Table 2.3: Puri I f h h
mined by how well it meets one of the above three crite- able 2.3: Purity and completeness for each method

. s . . Procedure Hi cut Purity(%) Completeness(%)
ria and hOW.dIStInCtlve the con guratlo.n is (i.e., whether o 1 H.> 25 100 59
not lensing is the most likely explanation). In all cases, we Hy> 1.5 100 80
take into consideration both the achromaticity of the cenju 2 Hz > 25 100 77
gate images and the consistency of their surface brightness Hz> 15 100 90

, - S Hs > 255 100 4

In Procedure 1, the robot's ability to model the object is Hs> 15 93 29
also considered. The resulting classi cations re ect well 4 H,> 255 100 81
our and others' experience of lens detection in imaging sur- Ha4> 1:5 100 92
veys (see Ratnatunga et al., 1999; Fassnacht et al., 2004,Rea. robot H{Z:: > 25 40 8
2006; Moustakas et al., 2007; Marshall et al., 2008; Faure Hfot > 15 8 41
Opt. robot  HP® > 2.5 5 27

et al., 2008) Hropt > 15 3 82

Following the completion of all searches, all available
information is considered holistically, and objects wese a
signed a nal human classi catioil . In order to combine same threshold. For 100% completeness, all objects with,
the fourH;, we consider whether or not the features that Iéal example, human classi cation df = 3 would have
to a high classi cation in one procedure would have be¢malso be giverH; = 3; in other words, none are missed.
apparent when looking at only, for example, galaxy cutoler Procedure 1, any object that was not examined because
or subtraction residuals. In some cases, a lens candidaf®' < 1:5is considered to havd1 = 0. Only the SLACS
may have been entirely missed during one procedures — pe&in lenses and our 5 best systems hdve 1.5, and alll
haps because it did not meet the criteria for examinatiofbut one of these hasd = 3. Purity and completeness were
and thus been giveH ;=0 for that procedure. All criteria calculated for each procedure, and for both the realistic an
mentioned in givingH; values are re-considered when d@ptimistic robots. These statistics are summarized in Ta-
termining the nal classi cationH . In total we discovered ble 2.3; errors are of order a few percent.
four new objects witlH = 3, and one object withd = 2. Note that during each search procedure, the main SLACS
These new gravitational lenses are presented in Section [2rises themselves ae classi ed, resulting in valuebl gf
H>, H3, andH4 for each. A lens-by-lens comparison of
classi cation values is available in the Appendix, whildala
on the total numbers of main lenses and new lens recovered
by each search procedure are presented in Table 2.4. In
Ighs table we also include the amount of time spent per eld
or each method, and include the performance of the HAG-

2.6 Method Accuracy

Before investigating the properties of our newly-disceder
lenses, we rst discuss the performance of the four seaF

procedures in terms of both their ability to nd SLACS-typ LeS robot (with no h . tion) f .
lenses (low redshift, high magni cation), and their con- es robot (wi 'no uman inspec |on).or cqmparlson.
In the subsections that follow, we brie y discuss these

tribution to the nding of the new gravitational lens sys- s e g ]
tems. For each method, we calculate the purity and cdigsults and their implications for optimizing lens discov-
in high resolution imaging surveys. In the Appendix

pleteness of the samples selected, considering our ve Be%

systems and the SLACS main lenses together as lens g\gfs_ghow, for reference, some of the images that comprise
tems to be recovered. We de ne purity as the percentBf NPt data to the rst three search procedulr es, namely,
selected objects (i.e. having classi cation parameter CUtout images of the main lenses, and of tEg* > 2:5
above some threshold), that actually have nal human cl&&ndidates.

si cation H greater than the same threshold. In a search

with 100% purity, for example, the only objects classieg g 1  procedure 1

asH; = 3 would be those which also have human classi-

cation H = 3; that is, there are no false identi cationslinspecting all objects classi ed by the optimistic robot as
Similarly, completeness is de ned as the percent of the d® > 1.5, we classi ed three out of the ve new Sys-
jects with nal human clas$l greater than some thresholdems asH; = 3, and one system a4, = 2. The nal

that were given procedure classi catiéty greater than the system had been assigned a robot classi cation parameter
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Table 2.4: Summary of results for each method

Procedure Rea. robot  Opt. robot 1 2 3 4
Main lenseH; > 1.5 20 36 35 39 8 42
Main lensedH; > 2.5 4 10 30 34 2 36
New lensedd; > 1.5 0 4 4 5 3 3
New lensedd; > 2:5 0 3 3 3 0 3
Typical candidates arcs spirals, arcs blue images  spaals,
multiple images  multiple images companions companions
Time per eld (min) 2-4 1-2 1-2 20-40
Time per degrée(hours) 10-20 5-10 5-10 100-200

of HP™ < 1:5 and so was not examined. This failure ithe system has classi catia ; hered is a vector consist-

most likely due to the non-lensed light remaining after theg of the goodness of t, the magnitude of the unlensed
Moffat subtraction (see the Appendix for more illustratiosource, the uncertainty in the lens model Einstein radius,
of this). and the ratio of the integrals under the source ux curve and

Indeed, for the main lenses, we found that the ulte Gaussian t(see Marshall etal., 2008, for more details)

masked disk features are the most common cause a8y overlaying the robot model output for the SLACS
robot detection failures: we show the subtraction resighain lenses on these PDFs, we can gain insight into the
uals and reconstructed images in the Appendix. T&guse of of the robot's mis-classi cations. In Figure 2.1 we
robot may fail to nd a suitable model entirely in somghowPr(djH = 3), and overlay thel-values for the main
extreme cases, such as when considering objects Wtises (larger data points). Here we clearly see that the PDF
very strong disk components or bright companion galagontours approximating the density of smaller, trainiat s
ies (main lenses SDSSJ1029+0420, SDSJ1103+5322 gdielts) is not optimized for SLACS-type (low redshift, high
SDSSJ1416+5136). We nd overall that 8 of the maifmagni cation) lenses. From the robot's point of view, the
lenses, including the three cases just mentioned, 8IEACS lenses' source magnitudes are surprisingly bright,
not detected aH™ > 1.5 by the robot. Interest- and their arcs are of unusual thickness, as evidenced by the
ingly, one of the 36 robot-detected systems, and thiggcertianty in lens model Einstein radius. These diffeesnc
of the 8 robot-rejected systems were human-classi gge to be expected, but we note that the lenses we should
asH; < 15 given just the output from the robotexpectto nd with the HAGGLeS robot would therefore be
these lenses (SDSSJ1213+6708, and SDSSJ1016+386f: similar to the EGS lenses in terms of apparent mag-
SDSSJ1029+0420, and SDSSJ1032+5322) would not haitgde and geometric con guration. In a future wide- eld
been identi ed as lenses by a human inspector. search, where more SLACS-type lenses may be present, it

The lens galaxy subtraction also seems to be the m@uld be prudent to retrain the robot on a wider variety of
jor cause of false detections: ring-like and disk-like fetenses —and perhaps on the SLACS sample itself (should
tures left over from the Moffat pro le subtraction and themore SLACS-type lenses be desired).

incompletely masked can be wrongly interpreted by theHaving detected a SLACS main lens, how accurately
robot as lenses. Examples of such false positives cangBgs the HAGGLeS robot model it? As an illustration of
seen in the 10 objects classi ed by the realistic robot s ropotic models' performance, we compare the robot-
H/® > 1:5 (in the Appendix). calculated Einstein radii £) to those determined in the
Of the 36 robot-detected main lenses, only 20 were cl&-ACS papers (Figure 2.2). The 12 open data points are
si ed by the optimistic robot as“de nite Ienses’H(rOIOt > main lenses that are not well-modeled by the robot; these
2:5). The reasons for the mis-classi cations are a little suére lenses for which either the robot failed entirely to nd
tle. The probability distribution functions (PDFs) used tany model, or for which it clearly modeled non-lensing sub-
calculate theH, values for this research were determinddaction residuals (mainly disk-component and centrapcus
by Marshall et al. (2008) based on a training set of EG&siduals). After removing these poorly-modeled lenses,
non-lenses and simulated lens&s(djH = 3) quanties we nd an rms scatter of 12%. For 60% of the main lenses,
the probability that, given the robot output paramet#yss then, the robot nds not only a successful lens model, but
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Figure 2.1:Pr(djH = 3) derived from the robot outputs of the EGS training set (sengdbints), overlaid with the
outputs of the SLACS main lenses (larger points). Pointsespiond to objects witkl ;=3 and the contours in this and
the subsequent two gures enclose 68% and 95% of the intedy@bability. Adapted from Marshall et al. (2008).
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one that is in very good quantitative agreement with that
inferred during the SLACS project.

2.6.2 Procedure 2

When examining the BG subtraction residual images, we
classi ed all four of the newH = 3 systems a$i, > 1.5

or above; thed = 2 system was missed. Einstein rings are
particularly easy to identify, resulting in a high proporti

of the main lenses found. However, we occasionally lost
some image context: some residuals are more easily identi-
ed as being caused by lensing when viewed along side of
the lens galaxy cutout. When looking at both cutouts and
| ® Well modelled. Ratio: 0.98+0.02 subtraction residuals, we are able to ask the questionids th
| O Poorly modelled. Ratio: 1.09:0.11 structure a part of the lensing galaxy or is it unique?” How-
| ever, since sources are typically bluer than the lens galaxy

2 T T

s L ° o =" | color residuals can aid us in answering this question: we
= . m | note that all but one main lens was classi edkis = 3
5‘; o " - | when multiple Iters were available.
O O O
5 . .
- ¢ o - 2.6.3 Procedure 3
1 — —
. . o | We found that Procedure 3 was not an appropriate method

to use when looking for occurrences like the SLACS lenses.
This is predominantly an issue of image intensity scale and
i i dynamic range. The scales used by the robot are set for
o5 fainter lens galaxies than those in the SLACS sample, and
0-5 ! 15 g as such the main lenses often appear saturated: the lensed
6; (SLACS) .
features were completely washed out in all but 8 cases. We

Fo&sequently classi ed only two objects B = 3, and

Figure 2.2: Comparison between the SLACS-measu : ) . .
) : n this is the only procedure in which we falsely identi ed an
Einstein radii (SLACS-V) and those calculated by the . :
ject as a lens. This procedure was found to be most ef-

HAGGLeS robot. The systems for which robotic lens mogd- " . . . .
ective when lensed images are blue against a red galaxy:

eling failed are represented by lled points. The one-to\;e of the eight main lenses giveHs > 15 were in color

one relation is also shown to guide the eye; we nd an rm) ds. The issue of intensity scaling was noted by Jackson
scatter of 12%. Errors on SLACS Einstein Radii are 2@005.3) who attempted to optimize the intensity scale on an
(SLACS-V). 776), Who aftempt P y _
object by object basis, and hence performed rather better in
terms of “true” lenses recovered (Jackson recoverém%
of the lenses identi ed by Faure et al. 2008). However, the
large dynamic range in surface brightness of the lens and
source galaxies makes this a very dif cult task.

2.6.4 Procedure 4

In Procedure 4 we found three out of four néw = 3

lenses, and only two of the main lenses were not classi ed
asH4 > 1:5. The greatest strength of this method lies in
the ability to vary the intensity scale of the image so as to
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make apparent any lensed structures. It is effectively Be/ Results

same as looking at both a cutout and a subtraction residual:

lensing can be viewed in the context of the host galaxy. We have discovered four new de nite gravitational lenses
weaknesses, however, are in the time required and the guenal one promising lens candidate. These ve systems were
tity of data presented: it is dif cult to conduct a thorougheach found in at least one of the four separate search proce-
mistake-free search when every object must be examidedes. Having taken into consideration all available data—
and the time required is 30 minutes per eld. including spectroscopy for one system—we assigned four
objects true human classi catioll = 3 (our four new
lenses), and only onel = 2 (our best candidate). The
ve systems were also classi ed during each of the proce-
dures. Classi cations for potential lenses are referredsto
H1, H», H3, or H4 according to procedure number; these
values may differ fromH. We present the systems along
with their classi cations in Table 2.5. For simplicity, dac
We nd that procedures one and two are nearly identicallans is given a short name that will be used in the remainder
their ability to nd new lenses, while the latter performedf this paper.

marginally better on the main lenses since all the objects

were examined. Procedure 3 we nd unsuited to the task

at hand: looking at the robot output (Procedure 1) or sub-/-1 Improved Robotic Lens Models

traction residuals (Procedure 2) largely circumvents $he d ¢ <hown in Section 2.6, and noted by Marshall et al.

namic range problems of image display, and produces &{508), the lens model parameters returned by the HAG-
perior results. Procedure 4 is the most inclusive of the de;'Les robot are not always accurate. We nd that the prin-
pro_cedur(_es_ as all galaxies (not just b”ght ge_llaxies) are S?fJaI cause of robot modeling (and indeed classi cation)
amined; it is also th? onIy“ procedur? in which we woulg i insuf cient lens light subtraction. Disks and igre
have a ghance of _ndlng a“dark lens.” However, we fou' lar pro le slopes both give rise to signi cant symmetrical
two agdltlonal lensing systems vv_hen we pre—sele(_:ted br'%@iduals that confuse the robot. For the small number of
galaxies and our sgarch took signi cantly less time. Wﬁgh quality lens candidates identi ed in section 2.7, wa ca
hence nd that looking only at the BG subsample does ngfyq thg problem on a case by case basis, and provide the

Qecreasg ':jhe comTIeteness of a survey, and could in F@iﬁbt with cleaner images to model, and thus produce more
Improve it due to a lower error-rate. accurate estimates of the lens candidates' Einstein radii.

Taking into consideration ef ciency, completeness, andWe improved the lens galaxy light subtraction with the
purity, we recommend the use of Procedure 1 and Pmxible B-spline tting approach developed by Bolton et al.
cedure 2. There will be cases, such as with eight of ##006), after rst masking out the objects in the image
main lenses and one of our new lenses, where a lens wilidenti ed as candidate lensed arcs. This procedure leaves
missed by the current robot and thus by the human follogharper lensed image residuals. We then set all undetected
ing Procedure 1. There are also certain lenses, partigulgikels to zero as described in Marshall et al. (2008), but
very unusual ones, that the current robot will miss due to @tso at this stage masked out all the features in the B-spline
inability to model it. For example, the naked cusp con guesidual map not identi ed as lensed arcs. We then re-ran
ration that often occurs with edge-on spirals producesthte lens-modeling part of the HAGGLeS robot, and took as
images blended into an arc but no counter-image; withoudwér nal estimated Einstein radius the position of the peak
counter image the current robot will classify the system asfathe Gaussian t to the source plane ux curve, as de-
class 0. Additionally, when the environment plays a strosgribed in Marshall et al. (2008). The resulting lens models
role — in over-dense environments for instance — the simpled their parameters are shown in Figure 2.3 and Table 2.6.
SIS+external shear model used now may not be suf cientIn theH = 3 cases, all four image con gurations are
It therefore may be preferential to use a combination of prwell- tted by the robot's modeling routine; we note that
cedures 1 and 2, inspectiafj objects modeled by the robothis is the best possible justi cation for the visual classi
regardless of the modeling outcome. cations we made in secti@? without acquiring more data.

2.6.5 Considerations and comparisons
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“Frenchie”

Figure 2.3: Lenses and lens models for new systems creatibe BAGGLeS robot. We show the galaxy cutout (column
1), the subtraction residual (column 2), the masked rolitimage (column 3), and the reconstructed images from the
minimum source required to produce the con guration (catud). The robot uses Moffat pro le subtractions by default;
here we have improved upon this by using a B-spline subtragBolton et al., 2006). Cutouts are 6 arcseconds on a

side. 19



Table 2.5: Classi cation of new candidates by method

Short name Object name HHy H; Hs Hs H®  HO
Danny HST J073736.40+321540.3 3 3 3 2 3 0.9 1.9
Frenchie HST J114331.4814508.0 3 ® 2 2 0 0.1 1.1
Kenickie HST J121346.57+670833.3 3 3 3 2 3 0.7 2.9
Sandy HST J143001.28+410440.8 3 3 3 1 3 0.2 29
Rizzo HST J110307.14+532042.6 2 2 2 1 0 0.5 2.7
a Frenchie was not examined during procedure 1 beceif8& < 1:5 for this system.

TheH = 2 candidate is correspondingly less convincinghatio between stellar velocity dispersion and that of thet be
modeled. tting SIS is approximately constant.

We can use our results fror2.6.1 to estimate the accu- We use the photometric redshift and evolution-corrected
racy of the Einstein Radii measured by the robot. As shoWrband luminosities to estimate the central stellar vejocit
in Figure 2.2, we found that — for well modeled lensesdispersion predicted by the FP relation:
robot- and SLACS-measured Einstein radii agree to within
10%. However, this can be considered an upper limit to logRe = alog 2 + blogle + c; (2.1)

?ur”:rue uncerialnty, Ismce ;/_ve utie 'mé) rf[)lved t's ub:racn%ﬁere e2 is the stellar velocity dispersion corrected to an
orthe new systems. In practice, the robots esUmategqusy, o 1,re of radius half the effective radius (in units of 100

improved subtractions are as good as the relatively simlg s 1), Io is the effective surface brightness in units of 10
models allow them to be. To be conservative we adopt an kpc’ 2 and R is the effective radius in kpc. We adopt

error of 5% on the robot's Einstein Radil the coefcientsa=1:28b=0:77c= 0:09derived in
SLACS-V for the SLACS sample. The intrinsic scatter of
2.7.2 Photometry the fundamental plane dominate the uncertainty on the es-

Available from SDS$ are photometric redshifts and apt—lmated e2 (0.05 dex). Central stellar velocity dispersions
are obtained from¢» using the standard correction de-

parent lens galaxy magnitudes; with the exception of O€. 1 od in SLACS-V.

(Frenchie), no spectra are available. To supplement %idditionally SLACS-IV and -V found that is corre-

SDSS data, we use thalfit  software (Peng etal., 2()()Zktc}ed with g, the velocity dispersion that best ts the
to tde Vaucouleurs models to the Hubble F814W data an . . ,

. . . . ..~ ~model of the lens as a singular isothermal ellipse (SIE). For
derive apparent magnitude and circularized eﬁectlva,ra%e SLACS sample:

listed in Table 2.6. After correcting for Galactic extirastj pie:
we calculate the rest frame V-band magnitude from the ob-
served F814W, a conversion for which there is very little
scatter between different spectral types. Details on serfa We may also calculates|g, assuming the Einstein radius

photometry and K-color corrections can be found in the pae, lens redshift, and source redshift are known:

h = SIEi =1:02 0:.0% (22)

per by Treu et al. (2001). For the main SLACS lenses we S
use data from Bolton et al. (2008a). D
( ) SE=C o> (2.3)
4 Dds
2.7.3 \Velocity dispersion and source redshift whereDs andD gs are, respectively, angular-diameter dis-

In this Section we use available spectroscopy and photc}%n-ces tothe source galaxy and between the lens and source

etry to estimate the velocity dispersion and source redsh?fa\l/?/)('es’ aS.dE 'é glvi.n n r; oilaénsz. 3 to determi best
of the new lens systems, using two physically motivated as-. € combine tquations 2. 10 .5 1o determine our bes
stimate of the source redshift. To obtain the posteridoro

sumptions: i) early-type lens galaxies lie on the fundamen-.. =~ = "™~ : .
tal plane (hereafter FP Dressler et al., 1987; Djorgovski lity distribution function ofs, we assume that is log-

Davis, 1987; Treu et al., 2006; Bolton et al., 2008b); ii thréormally distr_ibu‘_ted_ with scatter 0.06 dex, which is domi-
)i nated by the intrinsic scatter of the FP and of Eq 2.2. We

Yhttp://cas.sdss.org/dr6/en/ adopt priors appropriate for the source population. For the
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Table 2.6: Relevant lensing data for new lenses

Short name  Separation E F814W R Z4 Zs ‘FP Morphology
(arcsec) (arcsec) (arcsec) (km'$  (kms 1)

Danny 107.90.2 0.65 0.03 18.75 0.61  0.340.03 0.48%3% - 296 41 SO
Main lens 1.00 17.04 2.82 0.3223 0.5812 33 313 43 E/SO
Frenchie  46.80.2 1.45 0.07 16.10 1.79 0.104 091 248 17 226 31 E
Main lens 1.02 14.96 4.80 0.106 0.4019 278 269 37 E/SO
Kenickie 352 0.2 0.65 0.03 19.99 0.43  0.330.08 1.44%7% - 162 22 S0/Sa
Main lens 1.42 15.60 3.23 0.123 0.6402  30% 253 35 E/SO

Sandy 82.70.2 1.310.07 18.27 155 0.320.01 1.38%Z - 233 32 E
Main lens 1.52 16.87 2.55 0.285 0.5753 382 305 42 Sa/s

Rizzo 106.0 0.2 1.24 0.06 19.47 0.46  0.410.03 1.12%% - 279 39 E
Main lens 1.68 16.43 1.95 0.158 0.7353 21p 247 34  undetermined

Notes: F814W magnitudes are not corrected for GalactimEtitin. Uncertainties are typically 0.03 on
F814W total magnitudes, 5% on:Rand 2% on SLACS Einstein Radii (Bolton et al., 2008a).

newly discovered — imaging selected — lenses, we adopt as
prior the redshift distribution of faint galaxies in singie
bit ACS-F814W data as measured by the COSMOS survey.
For the main SLACS lenses we adopt the same prior, but
truncated akg < 1.5, i.e. the highest redshift where [O II]
is still visible within the observed wavelength range cov-
ered by the SDSS spectrograph used for discovery. The re- I 4
sults change very little if a uniform prior is adopted instea L ,
The result of this calculation for the main lenses can be i T
seen in Figures 2.4 and 2.5. The former compares the estiz , 5 [
mated source redshifts to the known source redshifts for theg | .
main SLACS sample. This sanity check indicates that our®
procedure is unbiased and that the scatter is consistemt wit g |
the estimated error bars. The latter gure shows the poste-
rior probability distribution function for the source rénilfts
of the newly discovered lenses. As expected, the posterior
is asymmetric with a tail to high-z due to to the strong de- -
pendency on the ratio of angular diameter distances on the’
source redshift, when it approaches the lens redshift. -
The estimated stellar velocity dispersions and source red- |
shifts are given in Table 2.6. We include the spectroscopi- _— e

. . 0.5 1 1.5
cally measured when available, for comparison. Measured source redshift

1] 1

stimated sou

SLACS lenses i

=TI 1 <Meas—Est>=-0.01+£0.02 |

Figure 2.4: Source redshift estimated from the FP method

2.8 Discussion vs. the corresponding spectroscopic source redshiftiéor t

We begin this section by summarizing the arguments tI%IACS lenses.
led to our classi cation of the ve newly discovered lens

systems inx 2.8.1. We then discuss the environments in

which the lenses are found 2.8.2, and inx 2.8.3 we

compare the properties of the new systems to the SLACS

main lenses. Lastly i 2.8.5 we discuss some of the de -
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Sandy has two strong arcs on either side of the lens

an | galaxy, consistent with a double pattern produced by a
L Danny 1 source almost directly behind a SIS; this is well modeled
- . Sandy 1 by the robot. We note a fainter peak in surface brightness

above the lens galaxy; with no obvious counter image, we
believe this object is likely a small satellite galaxy in the
— — —Frenchie | lens plane.
| The two images comprising Kenickie's lensing event,
and the center of the lensing galaxy, are not all perfectly
] aligned: this suggests that either the source does not lie
. quite on the optical axis of an ellipsoidal lens or that exter
nal shear is present. We note that the inner image appears
to have more curvature than the outer; this could be brought
about by unsubtracted lens-plane structure that a color im-
ol AN age would rule out.
0 1 2 3 4 5 Frenchie, another double, has been imaged in two lters
% and has colors consistent with lensing. This is the only one
of our systems backed by spectroscopic data. We nd a
Figure 2.5: Source redshift posterior probability distrib spectroscopic redshift afy = 0:104 Also, a stellar ve-
tion function estimated for the newly discovered lenses Useity dispersion is available from SDSS, corresponding to
ing the FP method. = 248 17km s ! after aperture correction, in good
agreement with the value estimated via the FP technique
(226 27kms 1)

Rizzo is able to be modeled as a double; however the
morphologies of the two identi able images are not as well-
matched as in the previous 4 cases. In the lensing scenario,
Our nal classi cation is entirely imaging-based (except jthe source would lie only partly within the outer caustic of
Frenchie's case, where an SDSS spectrum was availag[&. /ens, with the more extended outer image being only
We thus rely entirely on lens geometry, the appearancePgftially strongly-lensed.
the subtraction residuals, and the robot's ability to model
the lens light. For this reason our standards are high: & > | ens environments
require clearly-identi ed multiple images in all casesgdan
a straightforwardly-modeled image con guration. WheWe expect lenses, as massive galaxies, to be clustered. Con-
available, colors are used to strengthen the case. As ansitent with this hypothesis, 3/4 new lenses are found at
ditional sanity check, we note that the Einstein Radii aredshifts very similar to those of the main SLACS lens in
consistent with those expected from the FP and a simfile eld. In this section we study the environment of the
SIE model, for sensible values of source redshifts (see ®lds with more than one lens to identify possible large
ble 2.6). We now discuss each case individually. scale structures, using the environment measures of local

Danny's lensing galaxy is a large red elliptical, while thaend global density as de ned in SLACS-VIII. Local den-
lensed source is blue, as expected for lens systems. 3iheis related to how close the nearest neighbor galaxies
identi ed quad geometry is a typical lens geometry and maye, while global density is based on the number of galax-
be called “cusp dominated” (e.g. Meylan et al., 2006), asés within a certain radius.
occurs when the source lies near to a cusp of the inner cau$SLACS-VIII found no signi cant difference between the
tic. Although we also noted a strong disk component reavironment of SLACS lenses and that of non-lensing,
maining after the initial Moffat pro le subtraction, thelvot but otherwise identical, galaxies. With the exception of
is able to effectively model Danny as an SIS+external shéaenchie, the environments of the newly discovered lenses
(a situation in which such a geometry would occur). are fairly typical of the overall distribution of SLACS lens

————— Kenickie

——————— - Rizzo

log dp/dz,

ciencies of the HAGGLeS lens models.

2.8.1 \Validity and Properties of Candidates
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environments, with the eld of Kenickie being slightly
under-dense, while that of Sandy being somewhat over- L B L R

dense. Frenchie, as previously mentioned, lies in a very i e 1
over-dense environment, the densest of all SLACS elds. 20 [~ N
In fact, both Frenchie and Sandy appear associated with i - 1

known clusters. Frenchie lies within SDSS-C41035, at red- - ]

shift 0.106, which places both Frenchig (= 0:104) and T :'; ) 7
its main lens £3 = 0:106) as members. The cluster in § 18 - "o O -
Sandy's eld, MaxBCGJ217.49493+41.10435, is at red- Z - D@]D oo .
shift 0.270, and the main lens a§ = 0:285 lies within S ofh %E%@% , foo 1
the cluster. We have only photometric redshift for Sandy = DDD DD% a0 1
(zg = 0:32 0:01), which places it slightly beyond the 16 "oo g D sLACs -
extent of the cluster; however given the possible system- . Sﬂ% u This Work

atic errors in the photometric redshift we deem it likelyttha - .
Sandy is also a member of the eld's cluster. L ,
In conclusion, the results suggest that lens elds as- o b Lo Lo L 1
. . " . 0.1 0.2 0.3 0.4 0.5
sociate with galaxy over-densities are the most likely to redshift
present additional strong lens phenomena. Qiay70 =

17%of all SLACS lenses are associated with known Cluéigure 2.6: Plot of apparent i-band magpnitude vs. lens red-

ters, but50% of the newly discovered ones are (2/5 Wheghift for the SLACS main lenses and new systems. We nd

including the likely candidate). With the present data it Eﬁat four of the ve new systems are less luminous than the
hard to disentangle the contribution to the boost in StropQin lenses

lens surface density by the enhanced surface density of de-
ectors.

15 :

2.8.3 Comparison to SLACS lenses I || stacs

T D SLACS z>0.26 |
| Q—— .

ﬁ: VA This Work
|
|

We anticipated discovering lensing events similar to, but
fainter than, the SLACS main lenses; we nd this to be
largely true. In Figure 2.6, we plot apparéfimagnitude
against redshift for the main lenses and new systems. We
nd that four of the new systems are less luminous than =
the SLACS lenses at the same redshift, but that Frenchie
is comparable. We show the distribution of stellar velocity
dispersions in Figure 2.7; new systems are shaded.

To interpret these histograms we need to take into ac-
count the redshift dependence of the properties of the i ! ! !

SLACS main sample. At the lower redshifts, the sample I ] ]
is dominated by the more abundant, slightly less massive ¢ L % % N PR I ﬂ ‘
galaxies. At higher redshifts, the ux limit of the SDSS 200 i (kriog—l) 400

spectroscopic database leaves only the most massive galax-
les. Keeping this m_mmd, we also plof[ the distributions f?;rl ure 2.7: Histogram of central velocity dispersions for
the SLACS sample in the same redshift range of all the new'. i
NP main lenses and new systems; new systems are shaded.
lenses save Frenchie (0:26 is chosen because of a natu-, _. N .
ain lens velocity dispersion were aperture-correctedfro

ral break in the redshift dlstrlbutlo_n; the choice of thres DSS photometry, while we used the FP relation to calcu-
old does not in uence our conclusions). Indeed, the new
te the values for new lenses.

identi ed lenses are less massive than the SLACS main
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Table 2.7: Environments of new lenses and candidates

Shortname SDSS eld local overdensity global overdensity lus@r Zc)
Danny JO737+3216 1.55.50 1.22 0.28 None
Frenchie  J1143-0144 725.5 3.7 0.50 SDSS-C41035 0.106
Kenickie  J1213+6708 0.480.16 0.45 0.16 None
Sandy J1430+4105 1.83.62 1.22 0.34 MaxBCGJ217.49493+41.10435 0.270
Rizzo J1103+5322 0.980.3 0.75 0.18 None

lenses when both samples are restrictedyto 0:26. The

: Table 2.8: Lensi f I
average for the two samples are respectivél¢3 35 able 2.8: Lensing rates for selected surveys

Surve Area N Lensing rate
kms and299 20kms 1. g (ded?) s (degre?ez)
MDS? 0:17 2 1279
AEGIS? 0:19 3 1672
2.8.4 Lens abundance COSMO$ 1:64 20 12"
This Work 0:13 4 319
In Table 2.8, we compare lensing rates (or abundances, in _Wwith COSMOS prior (predicts 1.6) 18"

degree?) for four HST imaging surveys, including this _ _ _ o _
LT . 80n dence intervals are Bayesian 68%, assuming Poissdist&ta and a uni-

one. The quoted uncertainties on the inferred rates de- _ ‘

.. . . . form prior on the lensing rate, except in the nal row where tBOSMOS rate

limit the Bayesian 68% con dence interval, assuming Pois-

.. . . is taken as the mean of an exponential prior. Relevantaitatare as follows!
son statistics and a uniform prior PDF. As noted previ- P P

. . Ratnatunga et al. (1999 ,Moustakas et al. (20075, Faure et al. (2008)
ously, classi cation systems across surveys are not consis

tent, thus one must impose similar criteria when comparing

the results of different surveys; naturally there will bé& di

ferences in opinion. In this work we do not rely on spec-

troscopic data to classify a lens as “de nite” and instead

require that lens morphology, surface brightness, and cd@€s are not equally likely to be occur. This prior does
(if available) are clearly identi able with a typical leneg not down-weight the occasional high lens yields that could

ometry. Due to the limited data available, we apply thedgdse as statis_tical ukes from .the long-tailed Poissoelik

criteria rigorously. With the goal of applying similar crin00d. A maximally conservative approach would be to use
teria to all surveys considered, we take as de nite lens@'ior PDF based on the COSMOS survey lensing rate, tak-
the literature-con rmed lenses for MDS, the “unambigu9 the COSMOS rate as the mean of an exponential prior

ous” candidates for AEGIS, the “best” candidates for CO@PPropriate for the situation where we know the mean rate
MOS. and theH = 3 lenses for this work. and nothing else). With this prior we infer a lensing rate of

The largest survey of “blank” sky undertaken to dalkB s lenses/degréeand so still nd a signi cantly higher
is the COSMOS survey (Faure et al., 2008), whose nHa_ns abundance than seen in the COSMOS survey: the prob-
’ ’ ability that the lensing rate in the SLACS elds is greater

ings imply a measured lensing rate of arodrtdenses per . . X
Egﬁa 12 degre€? is 88%. Relaxing the assumption that our

square degree. Since our data are of comparable depth _ ,
in the same single Iter), we adopt this as our ducial value€'dS aré comparable to those in COSMOS, and returning

Given this lensing rate, we expect to nd 1.6 lenses, instelgfine uniform prior of the previous paragraph, we nd that

of our observed 4. Assuming a uniform prior on the lensifigere 1S only a 2% chance that the lensing rate iOr;eour
rate we nd that the inferred lensing rate from our survey f&MPl€ is less than the COSMOS rate of 12 lenses/degree

31"%" lenses/degrée In computing this posterior PDF for

the lens rate, we assumed a Poisson likelihood function, amlthough no de nitive conclusions can be drawn due to

observed number of events of 4, and then rescaled thetie-small numbers and variety of surveys, the results from

sulting inferred rate to express it as a number of lenses s project do support the hypothesis of Fassnacht et al.

square degree. (2006) that looking near known lenses increases the ef -
The uniform prior is somewhat unrealistic — all lensingiency of nding new lenses.
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2.8.5 De ciencies of lens models may be insuf cient — such as in clusters or to nd
naked cusp con gurations — it may be most effective
to use a combination of procedures 1 and 2, in order
to inspect all objects modeled by the robot. However,
looking at only the bright galaxies (BGS) in the elds
did not decrease the completeness of this particular
survey, while doing so greatly improved ef ciency.

The lens modeling performed by the HAGGLeS robot,
while an effective means of determining whether or not
an object is a lens, is insuf cient for certain applications
of lensing. In order to look at the mass distribution of the
lensing galaxy, for example, a lens model with more ex-
ibility than the SIS+shear model would be necessary. The
HAGGLeS modeling also does not assume a speci ¢ pro- We discovered four new strong lenses and one promis-

le for the source, which makes it dif cult to study proper- ing candidate in the course of our survey. We nd that
ties of the lensed source galaxies. The resulting source is 3/4 of these new lens systems have lens redshifts sim-
typically pixellated, which does not re ect our prior knowl ilar to those of their main lenses; additionally, two of

edge about the sources: that they are primarily continous the new lenses are found in clusters of galaxies that
and concentrated distributions of light. We are also unable also include their respective main lenses.

to determine physical properties of the source galaxy, such .

as effective radius or inclination. The source magnitude W& nd that 3/4 new systems are less luminous and
could also be determined more accurately. Lastly, the PSF €SS massive than the SLACS lenses. Overall, we
is neglected, based on the assumption that the characteris- &€ Probing early-type galaxies at higher redshifts and

tic scale of the source is comparable to the size of the ACS |0wWer masses than the SLACS survey. For these com-
PSF. parisons, we used the data from the improved robot

The addition of model and source parameters would MOdels, available photometry, and the Fundamental
greatly decrease the ef ciency of the HAGGLeS robot, and Plane to estlmate the central velocity dispersions and
is probably unnecessary when one is concerned only with SOUrce redshifts for each of our new systems.
nding gravitational lenses. However for further research 114

) ) i ) lens abundance for this surveyso”zg4
a more detailed lens modeling program is desirable.

lenses/degrée (uniform prior), is markedly higher

than the lensing rates for the three other HST surveys
considered at comparable depths and resolution.
Despite the small numbers and variations in search
methods, this result supports the idea that searching

2.9 Conclusions

We have performed a highly ef cient search for gravita- _ ,
tional lenses based purely on imaging data. Our search near known lenses increases the yield of a lens survey.

area consisted of 44 HST/ ACS elds, each centered on L . L
SLACS *“de nite” lens, therefore exploiting the expected al'he HAGGLeS project is currently using a combination

: o . of procedures 1 and 2 to search for new lenses in the HST
clustering of gravitational lenses in each eld. We com- " ." "~ . :

4 . . . rchive; through efforts such as this and others, we will be
pared the purity, completeness, and investigator time for .
. able to re ne our lens search techniques for future surveys
four different search methods. These methods are com-

. i overing much larger areas of the sky. The use of ef cient
prised of: (1) use of the output from the HAGGLeS rOb(.)i’nd repeatable lens search methods will further us towards

(2) inspection of BG subtraction residual images, (3) if)- .
. . ) . e goal of having a large, homogeneous sample of strong
spection of BG cutout images, (4) full frame visual inspec-_ =~ . .
. gravitational lenses. Such a sample will enable us to calcu-
tion of ACS elds. . . . .
. . late a lens-lens correlation function and constrain thigssta
Our main conclusions are:

tical properties of halos containing lens galaxies.

Taking into account ef ciency as well as completeness
and purity, we nd that of the methods used, proce-
dures 1 (using output from the HAGGLeS robot) and
2 (looking at subtraction residuals of bright galaxies)
have the best performance. In situations where the
simple SIS+external shear model used by the robot
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Supplementary Figures and Tables

In this Appendix we give a more complete illustration of
the HAGGLEeS robot's performance when given the SLACS
main lenses. In Figure 2.8 we show all objects classi ed by
the realistic robot asH[®@ > 2:5: Marshall et al. (2008)
found this to give a sample with 20% completeness but

100%purity. In the SLACS elds, 10 objects were clas-
sied asH ™ > 2:5 including 4 main lenses. Comparing
to the human-classi ed results using the same input data
(Procedure 2, Table 2.3), this represents a completeness of

11%and a purity 0f40% Some explanation for these

differences are given in the main text.

The classi cation of the SLACS main lenses is listed in
full in Table 2.9. The survey cutout images of these sys-
tems, sorted into bins il P, are shown in Figure 2.9
(HP™ > 2:5), Figure 2.10 {5 < H °P* < 2:5), and Fig-
ure 2.12 H P < 1:5). For each system, we show the full
cutout image as presented for inspection in Procedure 3,
the lens galaxy-subtracted cutout image as presented-for in
spection in Procedure 2, and the lensed images and counter-
images predicted by the HAGGLeS robot's best lens model.
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Table 2.9: Classi cation of SLACS main lenses by method

Objectname  Hi H, Hz His HP H™  Additional

ACS lters
SDSSJ0008-0004 2 2 2 3 2.9 0.7 -
SDSSJ0029-0055 3 3 0 3 2.9 2.8 -
SDSSJ0157-0056 0 3 1 3 1.3 0.0 -
SDSSJ0216-0813 3 3 0 3 2.0 1.9 -
SDSSJ0252+0039 3 3 0 3 2.9 2.7 -
SDSSJ0330-0020 3 3 2 3 2.9 2.8 -
SDSSJ0728+3835 3 3 0 3 1.9 1.9 -
SDSSJ0737+3216 3 3 3 3 2.9 2.4 F555W
SDSSJ0808+4706 3 3 0 3 1.9 0.9 -
SDSSJ0822+2652 3 3 0 3 2.4 1.9 -
SDSSJ0841+3824 2 2 0 3 2.0 1.3 -
SDSSJ0903+4116 3 3 1 3 1.9 1.7 -
SDSSJ0912+0029 3 3 0 2 1.8 0.1 F555W
SDSSJ0936+0913 3 3 0 2 1.9 1.3 -
SDSSJ0946+1006 3 3 2 3 2.9 2.8 -
SDSSJ0956+5100 0 3 1 3 0 0 F555W
SDSSJ0959+0410 3 3 1 3 2.0 1.9 F555W
SDSSJ0959+4416 2 1 0 3 2.9 0.7 -
SDSSJ1016+3859 0 1 1 2 1.0 0.0 -
SDSSJ1020+1122 3 3 1 2 1.5 0.8 -
SDSSJ1023+4230 3 3 0 3 1.9 1.7 -
SDSSJ1029+0420 0 1 0 1 0 0 -
SDSSJ1032+5322 0 1 0 1 1.4 0.2 -
SDSSJ1103+5322 0 3 0 3 0 0 -
SDSSJ1142+1001 2 2 0 2 1.9 1.9 -
SDSSJ1143-0144 3 3 2 3 1.9 0.5 F555wW
SDSSJ1153+4612 3 3 0 3 1.7 1.0 -
SDSSJ1205+4910 3 3 3 3 1.9 1.9 F555W
SDSSJ1213+6708 1 1 0 3 2.3 1.9 -
SDSSJ1218+0830 3 3 0 3 2.9 0.7 -
SDSSJ1250+0523 3 3 0 3 1.9 1.9 -
SDSSJ1402+6321 3 3 0 3 1.6 0.4 F555W
SDSSJ1416+5136 0 3 0 3 0 0 -
SDSSJ1420+6019 3 3 0 3 2.1 0.1 -
SDSSJ1430+4105 3 3 1 3 1.9 1.7 -
SDSSJ1432+6317 3 2 0 3 2.9 2.1 -
SDSSJ1451-0239 0 3 2 3 0 0 F555W
SDSSJ1525+3327 2 2 0 2 2.0 1.9 -
SDSSJ1627-0053 3 3 2 3 2.9 2.1 F555W
SDSSJ1630+4520 3 3 1 3 1.9 0.2 F555W
SDSSJ2238-0754 3 3 1 3 2.2 0.0 F555W
SDSSJ2300+0022 3 3 0 3 1.8 0.0 F555W
SDSSJ2303+1422 3 3 0 3 1.8 0.0 F555W
SDSSJ2341+0000 3 3 0 3 2.2 1.7 -

Note: H1 = 0 indicates that the system was not inspected;
these objects haue ™ < 1:5
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Figure 2.8: Objects classi ed by the robot Hg®® > 2:5, including four main lenses ( rst and second rows). Cutouts
are 6 arcseconds on a side. We nd common false identi catitmbe rings left by the Moffat subtraction, unmasked
disks, and nearby galaxies.
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SDSSJ0029-0055

SDSSJ0737+43216 SDSSJ0946+-1006
SDSSJ0959+4-0410 SDSSJ1218+0830
SDSSJ1432+4-6317 SDSSJ1627-0053

Figure 2.9: Robot output for SLACS main lenses witf™ > 2:5, including: galaxy cutouts (col. 1,4), residuals after
Moffat subtraction (col. 2,5), and predicted images from tbbot lens models (col. 3,6). In this gure and the two
following, cutouts are 6 arcsec on a side.
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SDSSJ0216-0813 SDSSJ0728+3835
SDSSJ0808+-4706 SDSSJ0822+4-2652
SDSSJ0841+3824 SDSSJ0903+4-4116
SDSSJ091240029 SDSSJ0936+40913
SDSSJ0959+4416 SDSSJ1020+1122
SDSSJ1023+4230 SDSSJ1142+41001
SDSSJ1143-0144 SDSSJ1153+44612

Figure 2.10: Robot output for SLACS main lenses with < H Pt < 25, including galaxy cutouts, subtraction
residuals, and predicted images from the robot lens models.
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SDSSJ1205+4-4910

SDSSJ12504-0523

SDSSJ14204-6019

SDSSJ1525+4-3327

SDSSJ2238-0754

SDSSJ2303+1422

SDSSJ1205+4910

SDSSJ1402+6321

SDSSJ1430+4105

SDSSJ1630+4520

SDSSJ2300+0022

SDSSJ2341+0000

Figure 2.11: Continuation of Figure 2.10.
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SDSSJ0956+5100

SDSSJ1016+4-3859 SDSSJ1029+40420
SDSSJ1032+45322 SDSSJ1103+5322
SDSSJ1416+5136 SDSS8J1451-0239

Figure 2.12: Robot output for SLACS main lenses witf < 1:5, including galaxy cutouts, subtraction residuals, and
predicted images from the robot lens models.
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Chapter 3

Modeling gravitational lenses: KLens

3.1 Introduction (or surface brightnes) relation for local galaxies. Stadie
such as the HST imaging Galaxy Evolution and Morphol-
This Chapter is on the modeling of strong gravitationglyy Survey (GEMS; Barden et al., 2005), have looked at
lenses, using KLens; our goal is the study the lensed galgwe evolution of these relations at inermediate and high (to
ies, which have been magni ed and distorted. We rstin- 1) redshift. They have found little to no evolution in
troduce the standard paradigm of galaxy formation and the size-mass relation, but do see evolution in the mass-
relationships which can be used to test this theorx3l2, |uminosity relation (e.g. Barden et al., 2005; Trujillo &t a
we discuss our method of lens modeling, including the mipep6). However, even simple theoretical models predict
imization procedure. We brie y touch on the changes maggolution of the size-mass relation (Barden et al., 2005);
to KLens inx3.3, and in order to test the code we modgiis discrepency is thought to occur because the mass-to-
both simulated and real data (Sec. 3.4). Finally, we presggt ratio in local galaxies is higher than in high-z gakesi
the models of the new lenses found in Chapter@3ib and  There is uncertainty in the evolution of spiral galaxies
the results from models of the SLACS lensesx#6 and at high redshift due to limited spatial resolution at high
x3.7. We conclude with a summary and recommendatiq@gishifts (Stark et al., 2008). The study of the mass-size

for further work inx3.8. relation is similarly limited, by resolution and complete-
ness limits,R > 1 kpc andM > 10'®M respectively
3.1.1 Hierarchical galaxy formation for HST (Barden et al., 2005). Surveys are also magnitude

limited; GEMS, for example, used an absolute magnitude
In the hierarchical Cold Dark Matter theory of galaxy fors ofMy < 20. Gravitational lenses — in their capacity
mation, progressively denser and more massive accumgl@cosmic telescopes — can help extend these limits. With
tions of matter merge; the baryonic matter condenses, le@ysing we can observe the smaller, more typical galaxies
ing behind a halo of dark matter and forming a disk galaxgt good resolution (e.g Ellis et al., 2001; Swinbank et al.,
(Fall & Efstathiou, 1980). This theory predicts a sizedaiel 2007; Smail et al., 2007). By systematically studying the
mass relation for disk galaxies; thus, studying this is & t@shsed sources, one may then study the evolution of, for
of the hierarchical theory. As the correlation between Siéﬁample, the mass-size, mass-luminosity, and Tully-Fishe
and stellar mass also depends on the behavior of the galakstions for low-mass galaxies. One such study was car-
ies' baryonic matter, we can additionally gain insight intgaq out by Swinbank et al. (2006) to study the Tully-Fisher
these processes. relation atz = 1. The authors obtained spectroscopy on six
Using galaxies from the Sloan Digital Sky Survepnsed sources at= 1 and extracted 1-D rotation curves;

(SDSS), Shen et al. (2003) nds that the size-mass rejey report only a small offset from the local relation, in
tion in the local univere is dependent on the mass and tye ordance with the hierarchical model.

of galaxy. For late-type (or disk) galaxies, de ned as hav-

ing a Sersic indexn < 25, the relation for more mas- 12 Goals

sive galaxies is steeper and narrower, while for galaxies

with n > 25, the relation is steeper but of comparabM/e aim to study the sources of the SLACS lenses (Bolton
width. Shen et al. (2003) also measure the mass-luminosityal., 2005). Particularly, we look to determine what type
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of objects are acting as sources, and to nd a mass-size ahd. We can then compare our predicted lens plane to our
mass-luminosity relation for these distant galaxies. tieor data and quantify how well our prediction matches.
to observe lensed sources, it is hecessary to model the syBa principle, we could try every possible model, repro-
tems; for this we will use the KLens code, a lens modelimiyice the image plane for each, and select the one that best
program developed by L. Melling, P.J.M, and T.T. (UCSBpnatches our data. In practice, however, such an exhaustive
In the process of using KLens, we will be in the position &earch is impossible. What we require then is an ef cient
improve and adapt the code. method of searching the parameter space for the one that

In addition, KLens can aid us in the study of the v@rovides the best tto our data; for this we use the KLens
lenses presented in Chapter 2 of this work. With KLenspde. The KLens modeling system is two-fold. In mini-
we can make detailed lens models of these lenses. The puiration, the dfpmin routine is used to nd minimize the
pose of this is two-fold: rst, we will see if the lenses, par- log(posterior), as de ned in Eqg. 1.9.
ticularly the one “probable” lens can be reproduced withIn MCMC, an ensemble of samples is drawn from the
more detailed models, and second, we can compare gheameter space in order to quantify the posterior probabil
HAGGLeS- and KLens-derived model paramters. ity distribution function (pdf). When working in tandem,

One additional aspect of KLens is its ability to do “kinethe results from the minimizer (which is typically less re-
matic lensing.” Lens modeling typically relies on the fadiable but much more ef cient than MCMC) will be used
that surface brightness is preserved; with kinematic fepsias the starting point for MCMC. Only preliminary results
we are able to use the additional constraint that lensingddas MCMC are available at current, and as such the results
independent of wavelength. This improves the lens mogeésented here have been found using the minimizer alone.
and enables us to reconstruct the velocity eld of the sourceln this work, noise is assumed to be Gaussian. The point
using the Doppler shift of emission lines. Since lensirgpread function (psf) can be supplied by the user, but if the
magni es the source, the reconstructed velocity eld withe is created using the KLens program, the psf is also as-
lensing will have greater resolution than without. Our longumed to be Gaussian. We also must choose a length scale
term goal is to use KLens to t rotation curves to lensefdr each parameter, which is used to calculate the deravativ
galaxies and construct the Tully-Fisher relation at reftishf the function being minimized; 0.01 is a good default.

0:5 for low mass galaxies; in this respect, this work is a

rst step. 3.2.1 Lens model

) We choose to model the mass pro le of the lensing galaxy
3.2 Lens modeling method as a singular isothermal ellipse (SIE). This re ects ouopri
knowledge about mass distributions: we expect them to be

As discussed inxl.1, lensing distorts the source imaggyell-described by such a model. The lens model then has
Thus, in order to study the lensed sources, we must rgg parameters:

reconstruct them. As our rst step, we select a model for

the lens mass distribution and the source light distrilbutio ~ velocity dispersion of the best- tting SIE ¢ ),
For any given model, we can predict what the image plane
will look like. It is dif cult to map a position in the source
plane () to the corresponding position in the image plane  qition angley, in radians measured anti-clockwise
( ), because of the dependence ofthe de ection angle) of North),

on inthe lens equation:

elliptical axis ratio { = b/a),

ra/dec offset from centexf andyy, in arcsec)

= () 3.1

The KLens code is also able to handle the two additional
The inverse problem, however, is a straightforward appligaarameters of the magnitude and orientation of external
tion of this equation. Therefore, we step through a grid slfiear. We do not proceed with external shear, because the
image plane pixels, and map each back to the correspaBHACS lenses were found to be suf ciently modeled by an
ing position in the source plane, Since lensing preservesSIE (Bolton et al., 2005). The generalized ellipse parame-
surface brightness, the surface brightness & recorded ter c may also be varied; a pure ellipse las 0, positive
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values give box-like shapes and negative values give more

o . Table 3.1: Pri i i h
disk-like shapes. This parameter was leftat 0 because able 3 riors and transformaion schemes

o ) Prior Transformation  Equation
we expect the majority of galaxies to be close to perfect Uniform linear (1 1)
ellipses. Uniform linear [a;1)
A different choice of model parameters would be to use 3”!;0”" "”e_ard_ . (a_is)
the Einstein radius in place of velocity dispersion—it fs, a niform ~ ~ periodic, linear [a;b)

. . . . . Jeffreys/logarithmic  exponential b 10
terall, the Einstein radius that determines the lensing-mor Power law power law X2
phologies. These two quantities are related by:

2
=4 SeDas (3.2) . .
¢ Dg "™ hard cut-off on possible values. The cut-off consists of low

) ) o and high limits on the values that parameters can take on;
Although the Einstein radius is arguably the most easjlys is accomplished by making the prior zero for any value

mesaured quantity, we choose to vary the velocity dispgfjside of the acceptable range, which, by Eq. 1.9 makes
sion instead because we have a physically-based prior fojt, posterior in nite.

we know the range of possible velocity dispersions, whilegenaameterization is required to transform from “phys-
the Einstein radius depends on what the velocity dlsperslear, units to “minimizer” units. The minimizer prefers to

and source and lens redshifts happen to be. Incidentall;ov(l)trk in a parameter space where typical values are 1 and
is irrelevant if the source and lens redshifts are not kno"ﬂénerally within the range of 0 to 2. In minimizer units the

because they only serve as the ratio by which to ConVgff, is uniform, so the transformation used will determine
angles (i.e., Einstein radius) to physical measures Wee., yhat the prior is in physical units. For example, if a linear

locity dispersion). transformation is used, then the prior in physical units is
uniform. There are currently six different reparameteriza
3.2.2 Source model tion schemes (see Table 3.1).

For the source model, we choose an exponential disk, aqai\rllve use linear priors for the positions of the source and

re ecting our a priori knowledge about light distributions. ens, with limits from [.'2’2]' Howeyer, beca_iuse C.UtOUtS are
, centered on the lens light, a more informative prior on posi-
The parameters are as follows: : : : ) o
tions might be desirable in the future: the minimizer some-
apparent magnituder(s) times chose to move the mass centrdi® 0 % from the
o B _ center of the image. Because this often resulted in one im-
inclination os(), i in radians measured from paralleige in a double con guration not being modeled at all and
the line of sight) because this would imply that the center of mass is signif-
" : . . ._icantly offset from the center of light, such models were
position angle(fs, in radians measured anti-clockwise .
not deemed acceptable by a human modeller. Information
from North), and : : o : :
such as this belongs in the prior; a Gaussian prior, for ex-
ra/dec offset from centex( andys, in arcsec) ample, might be better suited. Linear priors are also used,
with more success, for the velocity dispersion, source in-
The source may also be modeled more generally by a Segfiigation, and source effective radius, while positionlaag
pro le, in which case the Sersic indexmust also be spec-require the periodic prior and the source magnitude is most
ied. A Sersic index of 1 is equivalent to an exponentialuccesful with the power law scheme.
disk,n = 0:5is a Gaussian, and = 4 gives a de Vau- The reparameterization scheme is calculatetd by nding
coleurs pro le. We note that there is a degeneracy betweafs the equatioly(x) that will take some prior in physical

the Sersic index and effective radius. units X to a constant prior in minimizer units. With the
power law prior, for example, we ha@ = cm* and we

3.2.3 Prior want$e = k. We then begin:

In KLens, our prior knowledge about the model parameters dndy dn

are implemented through reparameterization schemes and a d_y& T dx (3.3)
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kd_y = cmX (3.4) within the allowed toleranc_e range; the errors on parame-
dx ters, in the form of a covariance matrix, are then estimated
Integrating and choosing to center the distribution on so@ethe negative of the Hessian.
typical value of x results in a reparameterization of the Minimization is quick, taking 10 minutes to an hour.
form: (x=xyp)®, where for magnitudesy, anda might However, it is not always reliable, often settling into Ibca

be 20 and 0.3, respectively. minima. Additionally, the covariance matrix gives only an
estimate of local error assuming a Gaussian pdf. A more in-
3.2.4 Minimizing formative result is a full characterization the pdf: thisyma

o . . . be achieved with MCMC.
The minimization program used is dfpmin, a variable met-

ric or “quasi-Newton” method of optimization. The func-
tion we minimize is the posterior, as de ned in E2R. The 3.2.5 MCMC
2 is determined from the residual image:

In a Markov Chain Monte Carlo simulation, we character-
imodel  Tidata)? ize the posterior as a set of samples drawn from the full pdf.
: 7 (3.5) This is particularly useful if there are large regions where

i=1 ! the pdf is low and not of interest. To use this method, we
This method — the Laplace approximation — is based ofieguire an ensemble of samples chosen at random to char-
Taylor expansion of the functioh = Pr(pjd; M) about acterize the distribution. One method for doing this is the
the minimum, wheré is the Jacobian (the gradient) aHd Metropolis-Hastings algorithm. The algorithm proceeds as
is the Hessian (the matrix of second derivatives): follows. First, chooise a random poirilt,and calculate the
probability P; of gettingi. Imagine a Gaussian-this is our
f(x)= f(x)+(x x)r f(xj)+ }(x xi)H(x x;)+ Rroposal function—centered orand draw another random
2 (3.6) number from this regionj; then calculateP;. There are
"’ now two options: (1) if?; > P;, move toj, and (2) if
Taking the gradient of equation 3.6, P; < Pj, move there if = E,—ji is greater than a uni-
form random number drawn from [0:1]. The second option
is equivalent to moving t¢§ sometimes, but preferring to
Following Newton's method, we setf (x) to 0, resulting Make the move iP; is not too much less thaf;; without
in: this step, if one started at the peak one would never move.
X xi=H rf(x) (3.8) Each of these random walks is called a Markov Chain.
_ _ The result of this algorithm is an ensemble of samples,
From equation 3.8 we can calculate the exact step requifgthre each step draws one sample — comprised of a vector
to take uslfrom our current location to the minimum, if W&t h4rameters — from the posterior. When near the peak, our
know H %, the inverse Hessian matrix. The goal of thighance of moving is low, and thus there will be more points
method, then, is to nd a good approximation for the iy the sample drawn from near the peak. Note that one
verse Hess.|an 'mat.nx, Th|s 'accompIIS.hed by taking st@fig kov Chain may falil if there are multiple peaks at large
along the direction in whick is decreasing. The next steRenaration, so it is often desirable to run multiple chains.
is found by subtracting Eq. 3.8 from the correspondifghe aigorithm may also fail if there is only one very sharp
equation aki. 1, which gives peak, as the chain may never nd it.
Xis1 Xi=H, Ur fyag 1 f) (3.9) In high dimensional spaces such as ours, the Markov
Chain Monte Carlo (MCMC) algorithm is more ef cient
We are thus using the current approximation for the Hessthan drawing a sample by uniformly gridding, but slower
matrixH; (typically starting from the identity matrix) to de-than minimizing. However, MCMC is more robust and we
termine the next step. The Hessian is then updated to gieeget a fuller picture of the posterior in this manner. In
the new approximatiortli+; . Sometimes, due to roundofforder to speed up MCMC, we use information gained from
errors, the reported gradient is positive; in this case time mminimizing: we begin the Markov Chains at the location
imization restarts at the current values. Steps are takiiin tound by the minimizer, while the covariance matrix be-

2

rfx)=rf(xj)+ HX Xxj) 3.7)
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comes our proposal distribution. User-supplied reparameterization schemes

Previously, the parameterization schemes, typical values
3.3 Preparing the KLens code and limits were hard-coded, with no machinery in place for

the user to set these options. Inputs for the source and lens
During the testing process, certain changes were mad%d@ameterization schemes (shram and nparam respec-

the code. We brie y discuss these for reference. tively) were added to the top level klens program. These
_ are each matrices with three rows; the rstis the number for
3.3.1 Adaptations the parameterization scheme and the second two are the re-

quired inputs. If these inputs are not provided, the default
are used. If any of the cells are set to -1, the default value
The input value of mass position anghg,= 0:8, was not is used (this should be changed, as -1 is a value someone
being transformed correctly: the inverse transform did naiuld potentially desire to use!). The primary modi catson
return -0.8. A line following the reparameterization fugth were made to the repab.pro and repam.pro les. but the
adjusted the output, resulting in failures, at least forane@ddition of parsb and pam had to be added wherever the
tive values. Without this line, the code worked correctly danctions were called.

therange to+ . The prior, which was not being used

a_lt th_is _stage, requird3 < pg < ,a range on which thepjvar law reparameterization

line in issue had no effect. Although inputs were changed

Why are some values not reparameterized correctly?

to abide by the prior, this line is left out. A power law prior was added to the library of reparame-
terization schemes already available. This was motivated
Why are the lensed source images doubled? by the behavior of the magnitude variable: in one set of

. modeling runs, the minimizer's rst step put the magni-
In certain models, there appeared to be two closely spaggk outside of the acceptable parameter range. (The trans-

lensed images where one is expected. Thatis, for a cONfgrmed variable was negative, but going back to “human”
uration that should be a double, four images appeared. {i§s requires taking a logarithm). This prior, then, is not
doubled” images appeared almost identical to the acty@l)| suited to magnitude. However, magnitudes are dis-

images, but slightly offset. This was caused by a matrix gglpyted according to a power law, with more galaxies at
dition error in dimlessto_radec.pro. The matrix of ra/degyigher magnitudes.

positions was left un-transposed, resulting in a column ma-
trix where there should have been a row matrix. This matrix . . | .
is nevertheless added to a matrix of different dimensior%',mmIze og(posterior)

with the result of doubling the number of sources. Thise function initially minimized was the?; this has been
is xed by correctly transposing the matrix of ra/dec posjipdated such that we know minimize thdog(P (p)) as

tions. de ned in Eq. 1.9. The prior is set in primpecial.pro,
and is currently 1 if within the speci ed boundaries and O
3.3.2 Additions if outwith. Thus, in the case that some variable is outside

of the bounds, log( (p)) = 1 . However, an in nite-
valued function causes errors with mathematical calcula-
KLens uses units of counts, but data often comes in unitdiofis; therefore instead of addinglog( (p)) = 1 to 2,
counts/sec. Since thé? is calculated by subtracting datave add10%®. Since the values are oats, this is near the
from model, this problem resulted in dif culties perforngin maximum possible and suf ciently prevents variables from
the minimization. Thus, the option to put the data le intgoing far outwith the allowable range.

units of electrons was implemented; this is accomplishedChanging the function minimized also effected the cal-
by multiplying by the exposure time and increases the egulation of errors. An estimate of the local error is obtdine
ibility of the code. The units of the weight le, which isby setting the variance equal to the diagonal elements of
the inverse square of the rms image, must also be correcttedcovariance matrix; changing the minimized function re-
(accomplished by dividing by the exposure time, squaredlted in variances too large by a factor of 2. The covariance

Data units
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matrix, C, is:
log(' (p))

C =2 v ) 1 (3.10)
while we had
_ o1 log( (P)) 1 _ log(_ (P))
C-Z(Ef) 1_4(f) 1 @11

Figure 3.1: Testing KLens on synthetic data (left). The t
and were thus overestimating the variance by a factor(oénter) and residual image (right) are also shown.
2. With this corrected, errors are reasonable, for example,

about 5% on velocity dispersion.
realistic, the process gives us some information about the

. reliability of our models; in particular, more needs to be
3.4 TeStmg KLens knowna priori about the lens and source positions.

Before we can use KLens on a new data set, it requires
testing. We want to answer two questions: does the mini-
mization routine work, and are KLens models accurate? \%lé"z Real data

answer these questions by using KLens on both simulated . . . .
(x3.4.1) and real data@.4.2). a}gLens, while self consistant in that it can succesfully nlode

alens that it simulated, requires testing on real data. \We be
. gin by modeling SDSSJ0737+3216, a strong gravitational
3.4.1 Simulated data lens found by the SLACS team with multi- Iter high res-

KLens can both simulate and model data. We start by sigiution imaging (see Bolton et al., 2006). The lens and
ulating a strong gravitational lens and adding noise appf@urce galaxies were modeled and studied in detail by Mar-
priate to HST F814W (assumed to be Gaussian). KLell et al. (2007). Because of the differences in source
modeling was then run on this image, starting from the siffodel, we do not compare the results for source position
ulated parameter values. The results can be seen in Figiigle and inclination. Although the authors allowed Ser-
?7?. The residual image shows only noise, indicating a vefi¢ indexn to vary, the best t hach 1, so we com-
good t to the data. The parameters found agreed with thare effective radii; Marshall et al. (2007) modeled theslen
simulated values to within the estimated errors, with tv@®laxy mass as an SIE, as did we, so all lens parameters are
exceptions. The rstis the source magnitude, which has @mpared. The comparison was done in the FS55W  lter,
0.048 error and a true error of 0.08 or 0.3%; the second E&INg the exible bsplined tting described in Bolton et al.
ception is the lens RA, which with simulated valu€®®05 (2006); this Iter was chosen because Marshall et al. (2007)
and model value 0°®077is well outside of the 004 es- Nnd that modeling is least effected by systematics, such as
timated error. However, we interpret these occuranceschsice of psfand galaxy subtraction scheme. There is some
an underestimation of error rather than a failure to nd th@riation in how well the KLens results match the SLACS
optimal model. model. Lens and source positions agreed to within a pixel,
Starting values for the minimizer were moved away od&d velocity dispersion and magnitude to within 1%. The
by one from the simulated values in order to test the o largest discrepencies come from the lens ellipticiey, d
bustness of the minimize. The parameters for inclinatioRredas = (1  ¢?)=(1+ o), and source effective radius.
effective radii, mass position angle, and magnitude are feACS values for these parameters are respectively 0.272
most robust. The magnitude starting position, for exampild 3088; KLens values are 0.55 ant@2. Unfortunately
can be between 22 and 29.5 and still have the simulafsgexplanation can be offered at this time for these differ-
value of 26.16 recovered to within 0.001. On the othences. By eye, however, the t shown in 3.2 is acceptable.
hand, lens and source positions were only recovered sudAe additionally compare KLens results for Einstein ra-
cesfully if within  0:01 of the simulated values. Of courseglius to the SLACS-derived values. In Fig. 3.3, we compare
these parameters were varied individually with all other painstein radii for 17 SLACS lenses, which were modeled
rameters xed at the simulated values. Although this is nesing the same data as Bolton et al. (2006).
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Figure 3.4: KLens modeling of Grease lens Danny.

Figure 3.2: Testing KLens on real data (left);
SDSSJ0737+3216 from Bolton et al. (2006) and Mar-
shall et al. (2007). The t (center) and residual image
(right) are also shown.

Figure 3.5: KLens modeling of Grease lens Sandy.

3.5 Results: new lenses

In Chap. 2, the lenses we found were modeled by the HAG-

——— GLeS robot. We choose to re-model them in greater detail
- <Ozq/ Opi>=1.02+0.08 in order to help con rm (or reject) them as lenses: part of
2 N our classi cation was whether or not we are able to model
the objects as lenses (Figs. 3.4 - 3.8). One important con-
i sequence of this modeling is our ability to model Rizzo as
1 a lens. Rizzo was given a classi cation of 2, indicating
“probably” a lens, because of the uncertainty in the mor-
phology of the potential images. With KLens, our interpre-
o tation is still inconclusive: the lensed image to the right o
] the galaxy is not t as well as we would like, and we are
still interested to see whether or not the remaining objects
1 can be modeled as lenses. This would require the ability
to put multiple sources in the background — a goal for the
future.

6, (KLens — BSPLINE)
o
T
)
\

._.
I
m}
|

0.5 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1
0.5 1 1.5 2

6, (SLACS) 3.6 Results: SLACS lenses

Figure 3.3: Comparison between the Einstein radii foudd6.1 Sample selection
by KLens and those found by Bolton et al. (2006); tt]remorder to study the sources of SLACS lenses, we must
models are based on the same data. A one-to-one plat, is . . . .
. : choose a slightly different sample than used in the previous
included to guide the eye. - C o

chapter. Although we still require “de nite” lenses, long
exposure time is no longer necessary. Instead, in order to
calculate stellar masses of the source galaxies, necessary

for loooking at the mass-size or mass-luminosity relation,
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In Fig. 3.10, we plot the inclinations of the source galax-
ies (where fori = 0 the galaxy is viewed face on, and is
circular). We also plot the distribution of inclinationsrfo
the GEMS galaxies between= 0:4 andz = 0:8 (Barden
et al., 2005), which are in agreement with our own. In the
case of random orientations, we would expect an even dis-
tribution of inclinations; on the contrary, we note a strong
peak atcogi) = 0:5 and no galaxies witltoqi) < 0:2.

The peak at 0.5 is primarily a residual, as this was the Initia
guess for all model; this could simply be a cause of insuf -
cient modeling. We do see a strong preference for face-on
sources, which implies that we are not in fact looking at a
population comprised solely disky galaxies. Additionally
in Fig. 3.13 we plot the distribution of source magnitudes.

The distribution of source effective radii is plotted in-arc
seconds in Fig. 3.11. Again we see a peak near the initial
guessReir = 0P95; this time however, the result is likely
Figure 3.7: KLens modeling of Grease lens Frenchie.not dominated by residuals. This initial guess was chosen

because, based on previous mode¥$)50is indeed a rep-
rEtentative effective radius; in other words, the resudts a

, curately re ect our prior knowledge. Additionally, it was
bands, with the V band as F814W (ACS or WFPC2), thg |, i, testing that a simulated effective radius 8929
band as F606W (WFPC2) or F555W (ACS), and the H bapd!

08uld be recovered even if the starting guess was greater
as NICMOS F160W. The resulting sample is 41 SLAGY g4d g

) , t #2. In Fig. 3.11 we also plot the limiting size for HST
lenses, all (.Jf which hgve !ens af‘d source red.sh.|fts and (V\gﬁﬁ‘l; as the majority of the source galaxies lie below this
one exception) velocity dispersions. The majority have alﬁ

. . it, it is evident that we are probing a population beyond
peen modeled by the SLACS tegm. We e>_<per|enc§d S'9%& resolution of HST. Additionally in Fig. 3.13 are the dis-
icant but as-of-yet unexplored dif culties in modeling th

?ribution of source magnitudes.
SLACS lenses in our sample, and as a result have a limited 9

number of successful models: 16 in F814, 7 in F555W, 3 in
F606W, and 7 in F160W. 37 Discussion

Figure 3.6: KLens modeling of Grease lens Kenickie.

we need imaging in three bands. We choose VI, and

362 Source popu'a“on 3.7.1 Comparison to GEMS

As our aim here to study the lensed sources, we rst wolfe can further compare our sample to the GEMS galaxies,
like to know what the characteristics of these galaxies aféth the aim of determining what population of galaxies

We will look at the source galaxy inclinations, magnitude¥/€ are studying. In Fig. 3.12, we plot absolute magnitude
and effective radii. against effective radius in kpc for the GEMS galaxies and

our own; we also plot a histogram of effective radii in kpc
(Fig. ??). Our sample is both smaller and fainter than the
GEMS galaxies — that is, than galaxies that can currently be
resolved.

3.7.2 Effect of subtraction schemes

Two difference subtraction schemes have been employed
' ' _ on the data: the more complex and exible bspline tech-
Figure 3.8: KLens modeling of Grease lens Rizzo. nique, and the quick elliptically symmetric moffat subtrac
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expected if the source population were to be comprised BRINES, our source galaxies are large squares. Our galaxies
tirely of randomly-oriented disky galaxies. are both smaller and fainter than those studied by GEMS.
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Figure 3.13: Histogram of effective radii in kpc for GEM%igure 3.14: Plot of Einstein radii found using HAGGLeS

galaxies and our source galaxies (shaded). The galaxieSlgffat pro le subtractions v. those found using SLACS

our sample are smaller than those studied by GEMS. bspline subtractions. The 1:1 plot is also shown for refer-
ence.

tion used by the HAGGLeS robot. Marshall et al. (2007) _ _

found that these two schemes could result in differencein 1- We would also like to allow for simultaneous mod-
source magnitudes of up to 0:2. On the batch-modelinge“”g of Iens_ light and multiple sogrces,_and to |mp!ement
completed so far, we look at the differences in the bestMarkov C“:h_a'” Monte Ca}rlo’,modellpg'. Finally, we will ex-
model; speci cally, we compare the Einstein radius fourR|0!t the “kinematic lensing” capabilities of KLens to sim-
from the Moffat subtraction to that found using the bspliféaténous model the source velocity eld: this will allow us
subtraction (Fig. 3.14). We nd no signi cant difference ifo construct the Tully-Fisher relation for our sources.

this respect.

3.8 Conclusions

We have exploited the magni cation properties of gravi-
tational lensing in order to study the lensed sources. Our
sample consisted of 41 “de nite” SLACS lenses, selected
for multi- lter imaging data. We modeled the lenses and
candidate found in Chapter 2, but were unable to con rm
our candidate as a lens — more exibility is required in the
modeling procedure. We have also begun modeling of the
SLACS lenses, with 17 I-band models and 10 V-band mod-
els to date, and nd that the source galaxies are smaller and
fainter than the galaxies studied in the HST GEMS survey.
There is more work to be done: rst, we must model the
remaining SLACS lenses. We will then construct the mass-
size and mass-luminosity relations for the source galaties
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Chapter 4

Summary and conclusions

This thesis was divided into two parts: nding and mod-
eling gravitational lenses. Using the HAGGLeS robot and
exploiting the clustering of gravitational lenses, we were
able to search for new strong lenses in a highly ef cient
manner. In addition to comparing the performance of four
different search methods, we found four new lenses and
one additional candidate. These lenses and a subset of the
SLACS lenses were modeled using the KLens program, al-
though our candidate could not be con rmed as a lens. The
SLACS lenses that have been succesfully modeled so far
were found to be fainter and smaller than galaxies that can
be studied with current resolution and completeness units.

With future surveys covering 1000sq. degrees, the
number of known lenses is expected to increase rapidly
— with the use of automated lens search programs such
as HAGGLeS. These large numbers will enable us to use
lenses as a statistical sample, one application of which is
the evolution of the mass-size, mass-luminosity, and Tully
Fisher relations for low mass galaxies. We may commence
such work immediately: with the SLACS lenses as our
sample, we can begin constructing the mass-size and mass-
luminosity relations for the source galaxies, using KLens t
perform the modeling.
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