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•  Photometric redshifts (photo-z’s) are determined from the fluxes (or 
magnitudes or colors) of galaxies through a set of filters 

•  May be thought of as redshifts from (very) low-resolution spectroscopy 

•  Photo-z’s are needed in particular when it’s too observationally 
expensive to get spectroscopic redshifts (e.g., if galaxies are too many 
or too faint) 

•  Well-calibrated photo-z’s are a key ingredient to obtaining cosmological 
constraints in large photometric surveys like DES and LSST 

Photometric Redshifts 
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•  The photo-z signal comes primarily from strong galaxy spectral features, 
like the 4000 Å break, as they redshift through the filter bandpasses 

Photometric Redshifts 
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Figure from H. Oyaizu 

Early-type galaxy spectrum at three 
different redshifts (z=0, 0.7, 1.4) 
overlaid on SDSS griz filter 
throughputs 
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Cluster Galaxy Colors vs. Redshift 

•  Simulated cluster  
galaxy colors (with 
noise) vs. redshift, 
based on one 
particular early-type 
galaxy spectral 
energy distribution 
(SED) evolution 
model (from 
“Pegase-2” library) 

 

•  From plotted color 
vs. redshift trends, 
one can see how the 
redshift (photo-z) 
may be inferred from 
the colors 
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Galaxy Colors vs. Redshift 

•  Simulated galaxy 
colors (with noise) 
vs. redshift from the 
“DES5yr” mock 
galaxy catalog 

•  A set of 4 empirical 
“CWW” (Coleman, 
Wu & Weedman 1980) 
SEDs (red curves) 
used to model the 
galaxy population 

•  Can see it’s harder to 
estimate photo-z’s 
when full galaxy 
population is present 
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Slicing through multicolor space:  
Connolly et al. (1995) 

Example showing how it is 
possible to disentangle 
redshifts from galaxy colors/
magnitudes in multicolor space 
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•  Two basic categories 

•  Machine learning/training set/empirical methods 

•  Template-fitting methods 

•  For lists of methods, see, e.g., 
•  Hildebrandt et al. (2010):  “PHAT: Photo-z Accuracy Testing” 

•  Zheng & Zhang (2012) SPIE review (http://adsabs.harvard.edu/abs/2012SPIE.
8451E..34Z) 

•  Sanchez et al. (2014): DES Science Verification (SV) photo-z comparison 
testing; later slides 

 

Photo-z Methods 
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•  Machine learning/training set/empirical methods 
•  Use “training set” to derive a relation between redshift and magnitudes/

fluxes/colors/etc. 

•  May also output p(z), the full redshift probability distribution function (PDF), 
in addition to “point” estimates 

•  Rely on training set, which can often be incomplete/unrepresentative of full 
photometric data 

•  Simple examples: 

•  Polynomial fit (Connolly et al. 1995) 

•  Neural networks (Collister & Lahav 2004) 

Photo-z Methods 
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•  Example: quadratic polynomial fit (e.g. Connolly et al. 1995) 
•  Adopt a quadratic polynomial relation between redshift z and magnitudes 

g,r,i 

•  Derive best-fit polynomial coefficients a0, a1, a2, …, a9 from training set 
data with spectroscopic redshifts 

•  Photo-z’s then come from applying best-fit relation to photometric data 

•  Training set and photometric data should be observed by the same 
telescope/instrument/filters, ideally under the same conditions (exposure 
time, seeing, etc.) 

Photo-z Methods 
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z = a0 + a1 * g + a2 * r + a3 * i  
  + a4 * g*g + a5 * r*r + a6 * i*i  

  + a7 * g*r + a8 * g*i + a9 * r*i 
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•  Example: artificial neural network (from Oyaizu et al. 2008) 

•  The neural network here is really just a complex function of the input magnitudes 

•  To avoid “overfitting,” minimization steps are done on training set but final set of 
weights are chosen to be those that perform best on independent “validation set” 

•  Multiple networks may also be examined to optimize photo-z solution 

Photo-z Methods 
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input 
magnitudes 

activation 
function, e.g. 

Derive weights wi by minimizing score function  
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•  Template-fitting methods 
•  Use a set of SED templates (from real data or from models) 

•  Calculate fluxes/magnitudes using redshifted templates and filter 
throughputs 

•  Obtain best-fitting galaxy redshift and template type, and also p(z) 

•  Rely on template library, which may not fully span the range of galaxy types 
in photometric sample 

•  Examples: 
•  HyperZ (Bolzonella et al. 2000) 

•  BPZ (Benitez 2000, Coe et al. 2006) 

•  LePhare (Arnouts et al. 2002, Ilbert et al. 2006) 

 

Photo-z Methods 
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Ilbert et al. (2006) 

•  Example of galaxy 
template library 
based on real data 

•  Use of a small 
number of templates 
(with interpolation 
between them), can 
give “ok” photo-z’s 
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From Douglas 
Tucker 

•  DES throughput 
curves, 
including 
atmosphere, 
telescope, 
DECam optics, 
filters, and 
CCDs 

•  Need to be 
accurately 
measured for 
use in template 
fitting photo-z 
methods 
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Example UV to 
IR SED  from a 
more modern 
galaxy SED atlas 
(Brown et al. 
2014) 
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PDF 

z = 0.24 
solution 

z = 2.85 
solution 

Ilbert et al. (2006) 

•  Illustration of template 
fitting method 

•  True redshift is z=0.334 

•  Also shows confusion 
between low redshift 
“Balmer break” and high 
redshift “Lyman break” 
features (at about 5000Å 
observed wavelength) 

•  Degeneracy can be 
broken with more data 
(here, more IR data) or 
by using priors (see next 
slides) 
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•  Example: Bayesian photometric redshifts (BPZ; Benitez 2000) 

•  Bayes’ Theorem (redshift z, colors C, magnitudes m0, types T) 

 

•  Sum over posterior probability distributions for different galaxy 
types to get final redshift PDF 

•  Using a flat (i.e., constant) prior is the same as maximum likelihood 

Photo-z Methods 

16 

posterior 

likelihood 
prior 
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•  Example: Bayesian photometric redshifts (BPZ; Benitez 2000) 

Photo-z Methods 
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posteriors 

priors 

likelihoods 

final, 
summed 
probability 

Benitez (2000) 
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•  DES will rely on photometric redshifts (photo-z’s), i.e., redshifts 
determined from photometric imaging data, in primarily the 5 DES filters 
grizY  (plus u band and near-IR JHK as available) 

•  Well understood photo-z’s and photo-z errors are vital for deriving 
accurate cosmology constraints from the different DES dark energy 
probes 

•  Large and deep samples of galaxies with spectroscopic redshifts and/or 
highly precise photo-z’s, combined with DES photometry, are used to 
train and calibrate (validate) DES photo-z measurements 

 
 

DES photometric redshifts 
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•  ugrizY imaging was obtained during DES Science Verification (SV; Nov 2012 – 

Feb 2013) on 4 fields with deep spectroscopic redshift training set data 
•  VVDS Deep 02hr (in DES supernova X3 deep field) 

•  VVDS Deep redshift sample to IAB < 24 
•  CDFS (in DES supernova C3 deep field)  

•  VVDS Deep redshift sample to IAB < 24 
•  ACES redshift sample to i <≈ 23 
•  OzDES Deep redshift sample to i < 21 

•  VVDS Wide 14hr 
•  VVDS Wide redshift sample to IAB < 22.5 

•  COSMOS (courtesy of DECam community program, PI A. Dey) 
•  zCOSMOS Bright redshift sample to IAB < 22.5 
•  VVDS Wide 10hr redshift sample to IAB < 22.5 

•  Plus additional bright redshift samples in above fields from SDSS-I/II, SDSS-III/
BOSS, and 2dFGRS 

 

DES Science Verification (SV) 
spectroscopic redshift training set fields 
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•  Goal to compare, test, and optimize photo-z codes used in the DES 
Photo-z Working Group 

•  “Standardized” training and validation galaxy redshift data sets 
assembled for use by all codes 

•  “Main”:  DES main survey depth photometry 

•  5859 (training set) + 6381 (validation set) high-confidence 
redshifts 

•  “Deep”: typically 3x exposure of single supernova deep field visit 

•  7249 (training set) + 8358 (validation set) high-confidence 
redshifts 

•  Standardized set of DECam system throughput curves also assembled 
for use 

 

 

Photo-z comparison tests on DES SV data: 
Standardized redshift samples 
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Photo-z comparison tests on DES SV data: 
Training sets 

21 Sanchez et al. (2014) 

Spectroscopic data weighted to 
match photometric sample 

Primary SV training sets 
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Photo-z comparison tests on DES SV data: 
Photo-z codes 
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Sanchez et al. (2014) 
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•  Comparison tests of photo-z codes based on a set of metrics, primarily the 

following (with DES science requirements in parentheses): 

•  Mean bias z(phot) – z(spec) 

•  Scatter σ and σ68 (< 0.12) 

•  2σ (< 10%) and 3σ (< 1.5%) outlier fractions 

•  Bias and σ of z(phot) – z(spec) normalized by the photo-z error 

•  NPoisson: rms difference between photo-z and true z distributions, normalized 
by Poisson fluctuations 

•  Metrics applied after culling 10% of galaxies in each method with largest photo-z 
errors, per science requirements 

•  Metrics also weighted to account for incompleteness of redshift samples, in order 
to be appropriate for an i < 24 DES galaxy sample 

 

Photo-z comparison tests on DES SV data: 
Comparison test metrics 

23 
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Plots generated 
using Python code 
of M. Carrasco 

 
 
Top left:  Photo-z vs. spectro-z 
 
Bottom left: Photo-z – spectro-z, normalized 
by photo-z errors, and Gaussian fit 
 
Bottom right: Photo-z redshift distribution 
compared to true redshift distribution 
 
 

Example photo-z results,  
for DESDM neural network method 
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Example photo-z statistics,  
for DESDM neural network method 

bias 

scatter 
σ   

scatter 
σ68   

2σ  
outlier 
fraction 

3σ  
outlier 
fraction 

 
 
 
 
 
All statistics plotted vs. photo-z, in 
bins of redshift width = 0.1 
 
 
 
 
 
 
 
 
 
 

Plots generated 
using Python code 
of M. Carrasco 
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Sanchez et al. (2014) 

DES SV photo-z vs. 
spectro-z scatter plot 
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Sanchez et al. (2014) 

DES SV photo-z 
σ68 vs. bias plot 



Huan Lin, Photo-z’ and DES, U. Chicago, 26 Oct. 2016                                                      

 

•  Most methods meet DES photo-z scatter requirement σ68 < 0.12 

•  All methods meet requirement that 2σ outlier fraction < 10%, and a few 
methods also meet 3σ outlier fraction < 1.5%, though most methods are 
close at < 2% 

•  However, challenge is meeting requirement on uncertainty of photo-z 
bias and scatter 

Photo-z comparison tests on DES SV data: 
Summary of results 
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Weak Lensing Tomography 
 

Baryon Acoustic Oscillations 
 

(from Z. Ma) 
 

Dark energy constraint degradation < 10% for  
    photo-z bias/scatter uncertainty in 0.001-0.01 range 
Requires training set of 104-105 spectroscopic redshifts (Ma, Hu, & Huterer 2006) 
 

photo-z bias(x-axis) or scatter(y-axis) uncertainties 
 

w0 degradation 
contours 
 

wa degradation 
 

w0 degradation 
 

wa degradation 
 

Photo-z calibration errors and  
dark energy constraints 
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•  See Newman et al. (2013) Snowmass report 

•  For dark energy constraints, we typically want to know the uncertainty in the 
mean redshift (within a “tomographic” (photo-z) redshift bin) at the level of  

    Δ(<z>) ~ 0.002 (1+z) 

•  Naively, given photo-z’s with σz = 0.1 (like DES), and N=10000 spectroscopic 
redshifts, we we would get 

Δ(<z>) = σz  / √N = 0.001 

 

•  However, this neglects the important challenges of 

•  Cosmic variance (also called sample variance) due to large scale structure 

•  Incompleteness of spectroscopic samples 

Photo-z calibration challenges 

30 
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•  Need 150 Magellan/
IMACS-sized patches, 
well separated on the 
sky 

•  About 400 galaxies 
observed per patch 

•  4 hour exposures, 
completeness like that 
of the VIMOS-VLT Deep 
Survey (VVDS) 
(assuming random 
failures) 

•  Need about 75 nights 
of Magellan time 

Cosmic variance (or sample variance) 

Sample variance requirements (Cunha et al. 2012) on spectro-z sample to 
calibrate photo-z’s, for weak lensing shear measurements of w 
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•  Cunha et al. (2012) analysis is “direct,” “brute-force” calibration 

•  There may be mitigation strategies possible (see Newman et al. 2013, p. 16) that 
reduce the requirements 

•  Newman et al. (2013) quote the requirements instead as 

•  ~30000 redshifts, over >~ 15 widely separated fields, each ~0.1 deg in size 

•  Their Table 2-2 show more detailed observing estimates, still quite 
substantial 

•  However, systematic incompleteness needs to be at <~ 0.1% for direct calibration 
purposes 

•  Such a sample is more likely to be used to meet training set requirements 

Cosmic variance (or sample variance) 
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•  Unlike SDSS at low redshifts/bright magnitudes, spectroscopic redshift samples 

at higher redshifts/fainter magnitudes (e.g., to i = 24 for DES) are incomplete 
(Newman et al. 2013 quote a 30-60% “secure” redshift failure rate for deep 
spectro-z surveys) 

•  We can correct for incompleteness by weighting in magnitude/color space as we 
did for the SV testing, but this assumes the incompleteness can be fully 
captured in observable properties like color and magnitude 

•  For example, perhaps there is some hidden incompleteness as a function of true 
redshift that remains even after weighting 

Spectroscopic incompleteness 
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•  For DES SV weak lensing shear analysis, despite spectroscopic incompleteness 
we nonetheless used weighted spectroscopic samples to estimate an 
uncertainty Δ(<z>) ~ 0.05 in the mean redshift for the tomographic (photo-z) 
redshift bins used for the analysis (see Bonnett et al. 2016) 

•  The SV uncertainties were comparable to statistical uncertainties and cosmic 
variance and were good enough for the SV-sized sample 

•  For Y1 analysis we will need to improve to Δ(<z>) ~ 0.02 and will instead 

•  Use highly-precise photo-z samples, which are also presumably much more 
complete, for validation 

•  Also incorporate “cross-correlation redshifts” to estimate redshift 
distributions N(z) and to validate photo-z’s 

DES photo-z calibration/validation  
for weak lensing shear analysis 

34 
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DES SV weighted spectroscopic training and validation data,  
used for weak lensing shear analysis 

Bonnett et al. (2016) 
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DES SV N(z) and mean redshifts in tomographic bins, 
 used for weak lensing shear analysis 

Bonnett et al. (2016) 

Estimate Δ(<z>) ~ 0.05 in 
tomographic bins  
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•  COSMOS 30-band (Laigle et al. 2016) 
•  Reaches DES depth, dz/(1+z) ~ 0.007 
•  Overlaps deep DES SV/community data 

•  ALHAMBRA 23-band (Molino et al. 2014) 
•  reaches DES depth, dz/(1+z) ~ 0.01-0.014 
•  Alhambra-4/COSMOS (0.25 deg^2): overlaps deep DES SV/community data 
•  Alhambra-2/DEEP2 (0.5 deg^2): in DES Y3 footprint, could be done to full depth in Y4 
•  Alhambra-8/SDSS (0.5 deg^2): ~full depth already obtained in Y4 

Many-band photo-z samples  
for validation of DES photo-z’s 

Laigle et al. (2016) 



Huan Lin, Photo-z’ and DES, U. Chicago, 26 Oct. 2016                                                      38 

Current, preliminary 
DES Y1 validation 
results for weak 
lensing mean 
redshift bias metric, 
from B. Hoyle 
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Cross-Correlation Redshifts 

39 
from J. Helsby 

•  Galaxies are correlated with 
each other, i.e., more likely to 
find a neighboring galaxy 
compared to random 
distribution 

•  Characterized by spatial (ξ) 
or angular (w) correlation 
functions 

•  Expect non-zero correlations 
between galaxies only if they 
are close in redshift 
(neglecting lensing 
magnification effects) 

•  Can therefore use angular 
“cross-correlations” 
between reference spectro-z 
sample and unknown 
photometric sample to infer 
redshift distribution of latter  



 

•  See Newman (2008) for the detailed derivation 

•  Here we show the simpler implementation of Menard et al. (2013), 
Rahman et al. (2015) 

•  Redshift distribution of unknown photometric sample (“u”) is proportional to angular 
cross-correlation wur between it and the reference spectroscopic sample (“r”) 

•  The spectro-z sample is split into narrow redshift slices zi and the angular cross-
correlation is computed using the surface density of “u” objects at separation angle θ 
away from “r” objects with redshift zi, relative to overall surface density of “u” objects 

•  Then normalize the redshift distribution by integrating and equating the result to the 
total number of “u” objects: 

 

Huan Lin, Photo-z’ and DES, U. Chicago, 26 Oct. 2016                                                      

Cross-Correlation Redshifts 
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Cross-
correlation 
redshift 
distributions for 
DES Stripe 82 
simulations from 
J. Helsby thesis 
(2015) 



 
•  Key advantage is that the reference spectro-z samples for cross-correlations do 

not have to be complete nor be representative of the full photometric sample 

•  But should ideally span the redshift range of the photometric sample 

•  A systematic uncertainty lies in the redshift evolution of bias of photometric 
sample, if cannot be neglected 

•  Newman et al. (2013) quote calibration requirement on cross-correlation spectro-z 
sample as “~100,000 objects over several hundred square degrees,” e.g. eBOSS 
or DESI surveys  

•  Reference sample may even just have (more precise) photo-z’s, like the redMaGiC 
(Rozo et al. 2016) red galaxies we can select from DES over the full footprint, 
though currently limited to z <~ 0.9 

•  We can supplement with quasar samples that extend to higher redshift 
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Cross-Correlation Redshifts 
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Cross-correlation redshift results for 
SDSS and DES redMaGiC samples 
from R. Cawthon 
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From M. Gatti 
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From G. Bernstein and B. Hoyle 

DES Y3 Photo-z Roadmap 


