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. Context

2 billions of sources:in photometry
> Need the photomeftric redshifts to define the
weak lensing 'rombgraphic bins
> To measure the medn redshift in each
tomographic bin |
5 For the ancillary sqignce
#OU-PHZ: develop the code to compute the photo-2z
from the multi-wavelength catalogues assembled
by OU-EXT and OU-MER '




with other OUs

WP4-3-09 OU-PHZ

l

WP4-3-09-1000:
Management

|

WP4-3-09-2000:

Library

I

|

|

WP4-3-09-3000:
Algarithms

I

[

|

| WP4-3-05-1101: QU
management

WP4-3-09-1102: OU-
— V1S, OU-NIR, OU-EXT,
OU-MER interface

!
| \WP4-3-03-1103: OU-
SIR, DU SPE intorfaco

WP4-3-09-1104: OU-
SHE interface

| WPA-3-09-1105: OU-
SIM interface

| WP4-3-09-1106:; OU-
I F3 interface

WP4-3-09-2100:
Auxiliary data

WP4 3 09 2101:
Empirical SEDs

S—

WP4-3-09-2103:

1 Instrument and sky

characteristics

|

WP4-3-09-2200:
Redshift catalogues

—

WP4-3-09-2201:
Archival redshift
surveys

WP4-3-09-3100:
Meta-algorithms

| WP4 3 09 3101: Bias
and lailure analysis

L

WP4-3-09-2202:
Dedicated
observations

| \WP4-3-05-3102:
Ohject classificatian

WP4-3-09-3200: 1
Photo-z algorithms ‘

WP4-3-03-3205:
Template-fitting
algorithms

P4-3-08-4000:

Redshift

reconstruction

I

WP4-3-09-5000:
Validatian

WP4-3-09-3209

Machinc Lcarning
Algorithms

—WP4-3-09-3103: AGN

WP4 3 09 3211: Top
level algorithm
definition

WP4-3-019-3105:
Physical parameters

Algorithms

photo-z +

physical parameters

WP4-3-09-4101:
Output definition

WP4 3 09 4102:
Pholo-¢ comtinalion

WP4-3-09-4103:
Spectroscaopic
infarmation

Output

WP4-3-09-5101:
Algarithm
comparison

WP4-3-09-5103:
——Science requirements
compliance




- Photo-z algorithms

Two 'main classes
> template-fitting

> emf:irical methods




- Photo-z algorithms

Two main classes

> template-fitting

0
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e Templates redshlf’red along a grid in 8z
* Integrated through fhe filters .

& o match observed and predicted colors

> empirical methods




- Photo-z algorithms

Two 'main classes
> template-fitting

> emf:irical methods

Input loyer —> Hidden layer — Output layer

Training with a
| S
large and representative
& spec-z sample




‘Template, fitting method
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S. Arnouts &
LE PHARE O. Ilbert

PHotometric Analysis for Redshift Estimations
Stephane ARNOUTS & Olivier ILBERT

Last UPDATE : version from April 09

Goal :
Le PHARE is a set of fortran commands to compute photametric redshifts and to nerfarm SED
fitting. The last version includes new features with F

of physical parameters and uncertainties based on F ! o
synthesis models. \ [ . - [
24
:"i"'(' iett

redshift code

la. Roser Pello & Joan-Marc Miralles

R. Pellé |
M. Bolzonella
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tempiate

\ = P(Zc.‘uster )
SED

P(z)




WP template-fitting algorithms
WP4-3-09-3205 Responsible: R. Pelld, R. Saglia
Define the « optimized solutions » that the SDC needs to
implemém‘ in the .new algéri’rhm they develop
> tuning of .the zero-points
> priors in N(z), luminosity function, etc

> .propagate uncertaintied of the templates

e ... o1 : .

WP4-3-09-2101"Provide eémpirical SEDs (resp: S. Arnouts) .




| Réquiremenfs

Requirements on the precision of the photo-z for
the weak-lensing sample (magriz< 24.5, 0.2<z<2)

Precision: o(zp-zs)/(1+25)=0.05 (required) 0.03 (goal)
Catastrophic failures: 10% (required) 5% (goal)

.© capacity to well define: the tomographic bins




Data challenge 1:
WP algorufhm comparison

OU- MER generated an EUCLID-like catalogue based
on the CANDELS/GOODS data (DES sensitivity)
All comparisons done by J. Coupon (WP leader)

e Christopher Bonnett: machine learning

e Massimo Brescia: machine learning

e Ranga Cham Chary: SED template fitting

e Sotiria Fotopoulou: SED template fitting

e Thibaud Moutard: SED template fitting

e Roser Pello: SED template fitting

e SDC-CH (Pierre Dubath, Nikolaos Apostolakos, Hubert Degaudenzi): SED template fitting
e Markus Rau: machine learning

e Mara Salvato (AGN classification)

e Stella Seitzz SED template fitting



SDC-code
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of the OU-

PHZ)
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EUSIM DCO1 v2 2FWHM 52 size . fits

Density plot

Max 1000 points at random
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Le Phare

(Thibaud
Moutard)

Cumulative distribution in %
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Neural
.nefwork

(Christopher
Bonnet)
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SDC-code
(official code
of the OU-

PHZ)

bias (zp-zs)/(1+2s)
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EUSIM DCO1 v2 2FWHM 52 size.fits
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EUSIM DCO1 v2 2FWHM 52 size.fits
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EUSIM DCO1 v2 2FWHM 52 size.fits
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Data challenge 1:
WP algorithm comparison

Best results with .
machine learning

> one is able to fill
the requirement

Qutlier rate (%)

Qutlier rate (%)
el B N T RV R -0

mowowmowmo
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Qutlier rate (%)

8.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.06 0.08 0.10 0.12 0.14
‘e Scatter Scatter

Need a larger and
L] o 4
Independent spec-z
. 800 0.02 0.04 o.osscaot.ttliz 0.10 0.12 0.14 800 0.02 0.0 o.ogcaot.toefr; 0.10 0.12 0.14
sample 1'0 conﬁrm Bonnett2 Fotopoulou Euclid requirements

Bonnett Pello
SDC-CH Seitz

a Chary Rau
Brescia Moutard

Qutlier rate (%)




Data challenge 1:
WP algorithm comparison

1IFWHM_S2

Template fitting slightly'
out of the requirementsi :
0~0.08, failures~15% A

Qutlier rate (%)

Qutlier rate (%)
el B N T RV R -0

mowowmowmo

=
£
W
-~
e
e
S
=
2
@)

Need to gain on the RN IR g ORI OE
method to extract the

f:ho’romefry' and to - LY .
measure the photo-z

Bonnett Pello

SDC-CH Seitz

a Chary Rau
Brescia Moutard

Qutlier rate (%)




Data challenge 2:
WP algorithm comparison

In the next months
Real DES data + VISTA
and the large spec-z
sample of COSMOS
try other options for
the sensitivity

(e.g. Megacam survey)
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Requir.eme.n'fso on the mean redshift

% to insure ‘an uncerfamfy below 1% on w, we , need to
de’rermme <z> beﬁer than O. 2(1+z)%

m Parameter Requirement —

an.y uncertainties on the templates, relative
*calibration ‘of the photometry ftile-to-tile, etc
create a bias >>O 2% in the photo-z
> can not.use the pho’ro-z directly




‘Bias and failure analysis
F—— Resp: ‘0. Ilbert

Par"ricjpan’rs: F. Abdalla, M. Bolzonella, P.
o150 Capak, A. Choi, J. Coupon, H. Hildebrandt,

S. Jouvel, T. Moutard, R. Pello, F. Raison
—_— |

v;93-3]i9-3100.h'eta- VwPS-E-ﬂﬂ-S:iO;PP

alzorithms 23lzorithms

Characterize the precision, the fraction of
catastrgphic failures that we get on the

pl';ofo-z and the mean red:;:hif’r of each

WP3-3-09-3L0L: Bias
andfailures analysis

photo-z subsample.

0§.2202: \WP3-3-09-3102: Object WP1-3-09-3
ibservations classification Hyp+

> check that we respect the requirements .

> “a posteriori” treatment if necessary




Possible solutions to get the mean
 redshift at 0.2%

1.Brute force: organize, a spectroscopic Fb'llc)w-'up of
a representative 1<24.5 sample to get the exact
redshift distribution.'Need to beat the cosmic
variance, acquire a representative spec-z sample

2.Use..fhe spatial inform‘afion, as Newmann 2008. A.
Choi and H. Hildebrandt test it on GFHTLens

#3. Use a spec-z sample to define the bias and
correct the photo-z or the PDF(z).
> Bordoloi method 2010 and 2012




Correct the bias using the spec;z

LA L B B B
Euclid requirement

after correctidn

Random Subsample
Blind set of objects
zL(z)

v Peak of Likelihood

I
1.8 2 2.2

| | [ I | | [ I | I [ I | I [ I | I [

—
—
—
—
—
u—
—
PR—
—

Bordoloi et al. 2010




Work packa'ge' - physical pafahefers

Measure the physicdl parameters for the photo-z
. sample, e.g. stellar masses, SFR
> for Galaxy Evolution' SWG

Resp: C. Maraston
Strong french contributfon:
JArnouts, Charlot, Ilbert, Moutard .

Same codes as for template-fitting




| Nexf steps

* data challenge ) W|fh DES data taken |n the
COSMOS field

‘X progress on fhe SDC-code development including
all features from other codes

* investigate how to get the mean redshift at 0.2%
by correc’rmg ’rhe phojo-z blas or using fhe spatial
‘information .




