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"Standard" Cosmological Model

History

Dark Energy
Accaelerated Expansion
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Pattern  Dark Ages
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about 400 million yrs.

Big Bang Expansion
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What is the nature of Dark Energy ?

Contents

A simple question but expensive to answer!
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Large Scalé Structures as Cosmological
Probe

Dark matter simulation
CMB map from WMAP team from A. Kravtsov

Given a set of cosmological parameters, theory and
simulation can predict very well the abundance and
distribution of dark matter halos at given mass scales.

That is to say, if we‘know the dark matter halo distribution, we can
reverse the process to constrain the cosmological parameters.



Characterizing Halo Distribution




Theoretical linking I: Number Counts
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Theoretical linking II: Clustering
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Tracing Halos from Galaxy Clusters

 Galaxy clusters are good tracers of dark matter halos
 Need to know the masses of clusters

.}
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A galaxy cluster catalog is the first step



Building O’f)tical Galaxy Cluster Catalog

Pros and Cons

g

* Optical data are less expensive to obtain
* Large Volume Available Data (SDSS)

* High Signal/Noise

* Projection Contamination: we could not resolve
the position of galaxies along the line of sight to
precision we need. _ ?




Generic Data Clustering Analysis

The number of groups is Number of groups is unknown,
known, assigning every grouping the data point
data point into the groups. according their clustering.

> Partition Method: objects are partitioned into non-

overlapping groups and each object belongs to only
one group. K-means, mixture models, Kernel Method

> Hierarchical Method: Objects are partitioned into

nested groups that are organized as a hierarchical tree.
Linkage method |



Generic Data Clustering Analysis

Hierarchical Method Partition Method

All need some sort of distances being calculated!!




Galaxy Clustering Analysis

1. Two groups: clustered galaxies and non-clustered galaxies

2. Unknown number of galaxy clusters

3. Huge uncertainties for the dimension along the line of sight

c—— > Trying to look for 3D clustering with

only 2D precise information!!




The Challenge due to the projections
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Informatidn about the third dimension is crucial!



De-projecting the field galaxies

* Spectroscopic.rédshift:
most galaxi¢s do not have spectra taken

. . o y 4 X £
* Photometric redshift: Fermilab-Chicago photoz group,
~ 0.03 uncertaint o5 Oyaizu et al, 2008
In clusters, reauire 0.003, ~ 900km/sec

* Red sequence colors:

color uncertainties ~ 0.03
ridgeline width ~ 0.06 .~

The photometric redshift 1s obtained from colors, how can the red
sequence color do better than photozs?




Galaxy-Cluster Finding Algorithms

Counts in Cell: Couch et al.1991 and Lidman & Peterson 1996

Percolation Algorithm: Davis et al. 1985, Efstathiou et al. 1988, Huchra & Geller
1982, Ramella et al. 2002

Smoothing Kernels Algorithm: Shectman et al, 1985

Adaptive Kernel Algorithm: Gal et al. 2000, 2003, 2006

Matched Filter: Postman et al. 1996

Hybrid and Adaptive Matched Filter: Kepner et al. 1999, Kim et al. 2002, Dong et
al, 2007

Cut-and-Enhance: Goto et al. 2002

Voronoi Tessellation: Kim et al. 2002, Lopes et al. 2004

C4 Algorithm, Miller et al, 2005

Cluster Red Sequence Algorithm: Gladders & Yee. 2000, 2005

MaxBCG: Annis et al, 1999, Koester et al, 2007

GMBCG: Hao et al, 2009 in preparation



Gaussian Mixture BCG
in a nutshell

i) The center of the cluster is Brightest Cluster Galaxy(BCG)

ili) Use ECGMM algorithm to detect the peak in color space,
specifying the red sequence cluster members as within +/- 2
sigma of the ridgeline and more likely from the ridgeline

Gaussian component.

iv) Use NFW kernel(or other kernel) to convolve the projected
distribution of the red sequence member galaxies.



Clusters are
over-densities

L mu: 1.51327 1.06041

[ osigmar 0116792 Q.382563
L photaz: 0.279558




Detecting Color Clustering---Red
Sequence

Color Distribution Around Cluster




More Math & Statistics
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Monte Carlo Test of ECGMM
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High Redshift Challenge

Elliptical Galaxy at z=0.7
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Ridgeline Color Selection

Neural network (photoz2 table,Oyaizu et al, 2008), Nearest
neighbor polynomial, Nearest Neighbor, Template method
(photoz table), Boosted Decision Tree (Gerdes et al.08)
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Likelihood

_ 71 BCG
Ltot = L X L’p'rofile

cluster

Ng
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cluster 9
V2T, 20% s

likelihood of the BCG's color Radial profile
belonging to the ridgeline




Interpretation of the Likelihood

LLLLLL

Heig.ht of the convolved density peak modulated by the
closeness of the BCG's color to the ridgeline color.



Why Use Brightest Cluster Galaxy as
Cluster Centre?

gas is dragged to the bottom of
the cluster's gravitational well, producing the BCG.

alleviate effects due to
the chance projected galaxies.

boost the efficiency of
cluster finding. ¢




Implementation flowchart

Input Catalog

BCG Searching List Pre-selection using magnitude, photoz and color

Around each candidate BCG, separate red sequence member galaxies using ECGMM

If the BCG belongs
to the red sequence

Repeat
for All Calculate the Likelihood




If finished for all
candidate BCGs

Rank BCGs by likelihood from high to low

If one candidate BCG is
also identified as member of another BCG with
higher likelihood

Remove it from BCG list

=4

BCG catalog



Cartoon lllustration




Comlparison with MaxBCG

Koester et al, 2007

is using local ridgeline measured using
the ECGMM. MaxBCG assume an average/constant
ridgeline for all clusters. '

does not match to a model filters for
cluster. It is therefore less biased

does not “optimize” the photoz w.r.t to a
specific filter. Photoz is from colors only using
other algorithm. A photoz can be estimated from
the resulting ridgeline as a by product.




g Efficient !!!

|40 Minutes for a stripe of SDSS DR6 data (about 300
square degree) using Dell PC with 2.8 GHz Intel CPU (1
core) and only 1G RAM.

Compared to

!

30 Hours for a similar stripe using one dual-processor
node in a Linux Beowulf Cluster with 3.06 GHz clock

speed each. (Dong et al, 2007)

FULi_ SDSS DR7 Catalog (about 9000 deg”2) within
30 hours on a Computer less than $1500




\ GMBCG Catalog for SDSS DR7

SDSS

R k.
-
2CC 57130, -2 J3ES
= W
3
ic! ]
et
L
2T EEEY T TN
gl el

IR P L

16220717, 82 3332

L

.

D0LGTITD, ED40952

13200214 46372

Hao et al, 2009, in prep

et ]
[—
THTORYEAER A ALAST
|
= j:
—
2ECIECE, 2T.I50E
=
“ .

GoogleEarth


file:///Users/jeter/Desktop/gmbcg_SDSS_DR7_v2.10.kmz

Evaluating the Cluster Finder

Completeness: does the cluster finder find all clusters?
Purity: are those found clusters true clusters?

Mock Catalog

N-Body Simulation: how to add galaxies and make it
realistic?

Monte Carlo Catalog: as realistic as possible
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Getting ready for DES

Dark Energy Survey

Filters: g, n,1,Z,Y
Ridgeline color: g-r, r-i, i- Z, Z-Y
So, to apply GMBCG to DES data, we just need to

extend the previous prescriptions to include i-Z and
Z-Y ridgelines



Getting ready for DES

Dark Energy Survey
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Getting ready for DES

Dark Energy Survey

SDSS single pass Image

; L2
- #

Applyi'ng GMBCG to latest SDSS Coadd is undergoing. It can
help us to understand the transition from first year DES and final
DES.



Refined Measurements on Clusters
Ongoing

1. Better Centers: Improve the weak lensing analysis
Sheldon et al, 2007, Johnston et al, 2007

2. Better understanding of the cluster ridgeline—
better richness



« Cluster Centéring

Is BCG always the best center of
cluster?

Is the center of the ¢luster

member distribution a better
center?

Based on MaxBCG clusters .



DES

- Cluster Centering
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DES

-Cluster Centering
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-Cluster Centering
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Precision Measurements of E/S0
Ridgeline and its Tilt

g-r

- MIFZ200=161
slope=—0.0293999552
- Z=0.287000
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- ChiZz=29347816
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g-r ridgeline tilt

Evolution of Ridgeline and its Tilt
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Clustéer Environment Matters?

Mean z: 0.1 1946004
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Clustéer Environment Matters?

Spectroscopic Sample I Clusters

ridgeline tilt

Slope: —0.098+0.0154 I Slope: —0.098+0.0032
Intercept: —0.0042+0.0024 +  Intercept: —0.001x0.0004

0.05 0.10 0.15 0.20 0.25 0.30 0.05 010 045 020 025 030 035
z

Cluster environment is not important for CMD, in agreement with the result from Hogg
et al, 2004



Better Richness Estimate

Rykoff et al, 2007
Ngals R200 0.95
Koester et al, 2007 )
Ngals R200*LBCG"0.79 0.84
Reyes et al, 2008 )
Ngals GMM
Hao et al, 2009 0.87
Ngals ECGMM 0.84
Hao et al, 2009
Lambda
Rozo et al, 2008 0.79

Based on MaxBCG clusters



‘Legacy from Fermi

essay turning points

A meeting with Enrico Fermi
S In desperation I asked Fermi whether
he was not impressed by the agreement
between our calculated numbers and his
measured numbers. He replied, “How
many arbitrary parameters did you use
for your calculations?” I thought for a
moment about our cut-off procedures

and said, “Four.” He said, “I remember
my friend Johnny von Neumann used to

say, with four parameters [ can fit an

»hant, and with five I can make him
wiggle his trunk.” With that, the conver-
sation was over. [ thanked Fermi for his

ure Publishirg Groug




Cosmological Constraints

Rozo et al, 2009, in prep
Based on MaxBCG clusters
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Getting ready for DES
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Dark Energy Survey

Purity is not yet ready because of the unrealistic

galaxy colors in mock catalog
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