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Photometric redshifts

SED fitting  
Priors on the SED of galaxies

physical knowledge

Supervised Machine Learning 
    non linear mapping between inputs & z
   Artificial Neural Network,  k-Nearest NeigborsN,

   Random forest, SOM , …

input informations based on extracted features.   Photometry is  a critical step …

COSMOS2020 27

Figure 14. Photometric redshifts computed with LePhare and EAZY for the Classic and The Farmer photometric catalogs,
split by apparent magnitude bin (from i < 22.5 on the left to 25 < i < 27 on the right). Top: Comparison between the
photometric redshifts computed with LePhare and EAZY for the full The Farmer photometric catalog. Bottom: Comparison
between the photo-z derived from the Classic and The Farmer full catalogs computed with LePhare (excluding masked
regions). The nature of the two groups of o↵-diagonal points is discussed in the text. Bin color increases on a log

10

scale. Note
that the magnitude bins are di↵erent than in Figure 13, to illustrate the behavior at faint magnitudes.

Figure 15. Comparison between the precision (�
NMAD

) and
the outlier fraction for the two catalogs (the Classic in blue
and The Farmer in red), and for the two photo-z codes
(LePhare with circles and EAZY with stars). The statistics are
computed per i band apparent magnitude bin, as indicated
on the side of the points.

puted as the median di↵erence between photo-z and
spec-z .

Comparisons between photo-z and spec-z are shown
for both Classic and The Farmer catalogs in combi-
nation with LePhare and EAZY in Figure 13 and sum-
marized in Figure 15. In general, the photo-z preci-
sion (given by �NMAD) is on the order of 0.01(1 + z) at
i < 22.5, and the precision is degraded at fainter mag-
nitudes, but is still better than 0.025(1 + z) at i < 25.
For both catalogs, there is a population of galaxies with
zspec > 2 and zphot < 1. This population is ex-
plained by the mis-identification between the Lyman
and Balmer breaks in the observed SED. This degener-
acy appears clearly when comparing the photo-z derived
for the full catalogs in Figure 14, especially for fainter
objects where the lower signal-to-noise is not su�cient to
constrain the identity of the break. The figure provides
a straightforward demonstration of the remarkable sim-
ilarity between the catalogs computed using the same
photo-z code (LePhare) and the photo-z codes with the
same catalog (The Farmer). The photo-z quality is
similar between both catalogs, with a slight trend of
having better results at i < 22.5 for the Classic cata-
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2 Ph-z codes  /  1 photometry 2 photometry   /  1 Ph-z code 

COSMOS 2020
 (Weaver+21)

 —> Larger uncertainties due to photometric extractions than Photo-z codes
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Photometric redshifts

SED fitting  
Priors on the SED of galaxies

physical knowledge

Supervised Machine Learning 
    non linear mapping between inputs & z
   Artificial Neural Network,  k-Nearest NeigborsN,

   Random forest, SOM , …

input informations based on extracted features.

                use of Multi-band images with Convolutional Neural Networks 

       
        —  no feature extraction.   
            Works at the pixel level !   
                exploits all the informations

            (SB, sizes, inclinations, gradients, …. )

       — Now under reach thanks to large spec-z training set & GPU power               
             —  Hoyle+16                        60x60 jpeg RGBa images encoding  (i-z,r-i,g-r, r mag), output: PDF

         —  d’Isanto & Polester+18:  28x28 ugriz fits images,  output: PDF with Gaussian Mixture model

           —>  Pasquet+19, Campagne19 , Menou19, Schuld+21 (netZ) …

skip 
photometric

 step 
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166

Convolutional Neural Networks  (CNN)

4

Convolutional Neural Network 
https://gricad-gitlab.univ-grenoble-alpes.fr/talks/fidle
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( Lecun+ 98)
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- CNN :  several millions of parameters 
    -> training all weights/bias/kernels with back-propagation 
    -> cost function : cross-entropy
    -> 5 CV with  80% train / 20% validation 

Input DNN
Feature Maps 

redshift
Regression/
Classification 

DNN

Output

Pasquet+19348 Feature Maps
       + E(B-V)

classifier
with 180 z64x64 ugriz 5 Conv Blocks 2x1024

https://gricad-gitlab.univ-grenoble-alpes.fr/talks/fidle
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SDSS (DR12) :   516,000 galaxies with r<17.8             
Pasquet+ 19

Photometric redshifts with Deep CNN :  SDSS

—> what photo-z accuracy can we get compared to other ML techniques ? 

—>  can we extract reliable PDF estimates ?   
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Pasquet+ 19

x6 
30%
x4

Comparison with Beck+16 based on k-NN

—> Better performance than the latest SDSS photo-zs 

Photometric redshifts with Deep CNN :  SDSS

 latest version 
   σ=0.0083
   η=0.18% 
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 PDFs estimates well calibrated 
    (PDF neither too broad 
               nor too narrow)

  ->  good estimator of photo-z
       accuracy for single object

Photometric redshifts with Deep CNN :  SDSS

—>  PDF evaluations :   

Photoz

Johanna Pas-
quet

General
Introduction

Deep Learning
ANNs

CNNs

Photoz
Context

The emergence of
Deep Learning

Last results on
Photoz
The data

DL network

Our results

Summary

Evaluation of the PDFs
The PIT statistic (Dawid 1984) is based on the histogram of the
cumulative probabilities at the true value. For galaxy i with
spectroscopic redshift zi in the test sample :

PITi=
⁄ zi

≠Œ
PDFi(z)dz

34

Polsterer+ 16

    Probability Integral Transform PIT

SDSS PIT 

Pasquet+ 19
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—>  Keep photo-z bias <Δz> under control over large area and  Z range  

- - 

Z=Zcnn

Z=ZB16

Photometric redshifts with Deep CNN :  SDSS
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J. Pasquet et al.: Photometric redshifts from SDSS galaxy images

Fig. 11. Left panel: bias as a function of Galactic extinction for the classifier with and without integrating E(B�V) into the training (red and orange
lines respectively) and for B16 (green). The CNN tends to overestimate redshifts in obscured regions (confusing galactic dust attenuation with
redshift dimming), unless E(B�V) is used for training. Right panel: bias as a function of disk inclination for galaxies classified as star-forming or
starburst. The CNN is virtually unbiased wrt ellipticity, unlike B16.

Fig. 12. �MAD as a function of redshift for galaxies with and without
neighbors (red and green lines respectively), as defined in Sect. 6.3.
The respective redshift distributions are shown at the bottom.

news for the faintest sources, although it must be taken with a
grain of salt as our S/N derived from Petrosian magnitude errors
may be unreliable for faint objects. The redshift bias shows no
clear trend within the uncertainties at low S/N but increases at
high S/N. As high S/N objects are preferentially at low red-
shift (z  0.1), it probably simply reflects the bias discussed
in Sect. 4.2, where galaxies with spectroscopic redshifts below
the peak of the training set distribution have their photometric
redshifts slightly overestimated.

6.6. Influence of the PSF

As Fig. C.1 shows, �MAD appears to be relatively immune to
PSF variations, with only a slight increase for the worst observ-
ing conditions in individual bands (middle panel) or in case of
large PSF variations between two bands (right panel). On the
other hand, the redshift bias shows a small trend with seeing
(middle and right panels), similar to that seen in B16, but with
opposite signs. Larger PSFs generate an apparent decrease of the
apparent surface brightness of galaxies that are not well resolved.
We note that SDSS observations are carried out through the

di↵erent filters within a few minutes of interval, and there-
fore under very similar atmospheric conditions. This situation
is likely to be worse for imaging surveys where the di↵erent
channels are acquired during separate nights or even runs. Such
datasets may require PSF information to be explicitly provided
as input to the classifier in addition to the pixel and extinction
data.

7. Summary and discussion

In this paper we have presented a deep CNN used as a classi-
fier, that we trained and tested on the Main Galaxy Sample of
the SDSS at z  0.4, to estimate photometric redshifts and their
associated PDFs. Our challenge was to exploit all the informa-
tion present in the images without relying on pre-extracted image
or spectral features. The input data consisted of 64⇥ 64 pixel
ugriz images centered on the spectroscopic target coordinates,
and the value of galactic reddening on the line-of-sight. We
tested 4 sizes of training set: 400k, 250k, 100k, and 10k galaxies
(80%, 50%, 20% and 2% of the full database, respectively).

In all but the final case we obtain a MAD dispersion �MAD =
0.0091. This value is significantly lower than the best one pub-
lished so far, obtained from another machine learning technique
(KNN) applied to photometric measurements by Beck et al.
(2016) for the same galaxies (�MAD = 0.0135). Restricting the
training set to only 10 000 sources (although the CNN was not
optimized for such a small number) increases dispersion by 60%,
but is still competitive with the current methods.

The bias shows a quasi-monotonic trend with spectroscopic
redshift, largely due to the prior imposed by the training set
redshift distribution, as expected from PDFs behaving as pos-
terior probabilities. However, the bias is independent of photo-
metric redshift and lower than 10�4 at z  0.25, far below the
0.002 value required for the scientific goals of the future Euclid

mission.
We also find that: firstly, our photometric redshifts are essen-

tially unbiased with respect to galactic extinction and galaxy
inclination; secondly, the PDFs have very good predictive power,
with a nearly flat distribution of the PIT. Removing the widest
PDFs improves the already small �MAD and fraction of outliers;
thirdly �MAD decreases with the S/N, achieving values below

A26, page 11 of 15
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Photometric redshifts with Deep CNN :  SDSS

 bias vs Gal. inclination  

J. Pasquet et al.: Photometric redshifts from SDSS galaxy images

Fig. C.1. �MAD and bias as a function of signal-to-noise ratio (SNR=1.086/petroMagErr) and PSF FWHM in the 5 bands, and of PSF FWHM
o↵set between 2 bands (recentered at the mean value). The CNN results are shown in red, the B16 results in green.

Article number, page 13 of 14

 Accuracy vs SNR

—>  Training sizes   

J. Pasquet et al.: Photometric redshifts from SDSS galaxy images

Fig. 7. Comparison between the photometric redshifts predicted by the CNN (left panel) and by B16 (right panel) against the spectroscopic
redshifts. The galaxy density and the statistics are averaged over the 5 cross-validation samples.

Trial training
sample size

size of 1 test
sample

bias �MAD ⌘ < CRPS >

Training with 80% of the dataset 393,219
Full test sample 103,306 0.00010 0.00912 0.31 0.00674

(B16) (103,306) (0.00062) (0.01350) (1.34)
Suspect zone (SZ) removed 101,499 0.00004 0.00908 0.31 0.00672

Widest 10% of PDFs 91,543 0.00006 0.00848 0.09 0.00606
Widest 20% of PDFs 79,897 0.00005 0.00789 0.06 0.00556

Stripe 82 only 3,943 -0.00009 0.00727 0.34 0.00574
Stripe 82 with widest 20% of PDFs removed 3,131 0.00004 0.00635 0.09 0.00467

Training with 50% of the dataset? 250,000 252,500 0.00007 0.00910 0.29 0.00672
Training with 20% of the dataset 99,001 385,970 -0.00001 0.00914 0.30 0.00677
Training with 2% of the dataset 10,100 434,228 -0.00017 0.01433 1.26 0.01009

Training on Stripe 82 15,771
Stripe 82 removed? 478,274 0.00194 0.01341 1.15 0.00988

Stripe 82 only 3,942 -0.00002 0.00795 0.38 0.00622
Training w/o Stripe 82 486,560

Stripe 82 removed? 97,607 0.00000 0.00914 0.33 0.00680
Stripe 82 only? 19,714 -0.00077 0.00760 0.41 0.00606

Table 2. Statistics for various CNN trials, with the B16 results in parenthesis where the comparison is relevant. The bias, �MAD and fraction of
outliers ⌘ are defined in Section 4.1. The values are averaged over 5 test samples, except in the cases marked with a ? where there is only one. The
CRPS and PDF width are defined in section 4.3. The “suspect zone" (SZ) was identified as a small region of the SDSS with above average bias
(see Section 6.4). It has been removed by default in all other cases below the “SZ removed" line.

assess the overall prediction quality of our PDFs: the Probability
Integral Transform (PIT) and the Continuous Ranked Probability
Score (CRPS).

The PIT statistic (Dawid 1984) is based on the histogram of
the cumulative probabilities (CDF) at the true value, i.e. the spec-
troscopic redshift. For galaxy i at spectroscopic redshift z

i

, with
redshift probability distribution function PDF

i

, the PIT value is:

CDF

i

(z
i

) =
Z

z

i

0
PDF

i

(z)dz. (4)

A flat PIT distribution indicates that the PDFs are not biased
with respect to the spectroscopic redshifts and are neither too
narrow nor too wide, whereas convex or concave distributions
point to under or over-dispersed PDFs, respectively (Polsterer
et al. 2016). Excessively narrow PDFs will often miss the target,
overproducing PIT values close to 0 or 1, whereas PDFs that are
too wide will encompass the true redshifts more often than not
and therefore favor intermediate PIT values. The PIT distribution
for each of the six models in our ensemble of classifiers, and for
the final PDFs (see Section 3.8) are shown in Figure 10. Each in-
dividual model exhibits a nearly flat PIT distribution, indicating
well behaved probability distribution functions. The PIT distri-

Article number, page 7 of 14

bias vs E(B-V)

—>  training with only 2% sample as well as  Beck+16  k-NN results

Edge-on Face-on

—>  Main features   
Pasquet+ 19

CNN photo-z are highly competitive and do not required large training set
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Prepare LSST with CLAUDS - HSC Deep Survey

CLAUDS : France / Canada / China  

300hr of  Deep U band imaging  
in the  

Hyper Suprime-Cam Deep  Layer

u

CLAUDS + HSC :   u+grizY 

HSC Deep  :  28 deg2 at r~27 +NB (in progress)

CLAUDS    :  25 deg2 at u~27   (done)

8.2m

Subaru : HSC

     CLAUDS+HSC deep
a unique dataset until LSST• combination of area & depth will be unmatched until LSST

CANDELS

KiDS

SCUSS
ALTAS

CFHT LuAU
  

CFHTLS-D
CFHTLS-W

              HSC-UD
(Taiwan CFHT) 
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all IQ  /  best IQ

CFHTLS -D “best IQ” represents 2”, S/N=5 depth 
of the stacks (the “25%-ile stacks”) with seeing 
comparable to that which will be delivered with 
the dome-vented CFHTused in this project, 
and thus well-matched to the Subaru HSC seeing

CLAUDS 
  (this project)

CLAUDS: the survey
HSC SSP CLAUDS

7

  (Sawicki, SA +19)
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—>  HSC Spectroscopic dataset with  75,000 spectroscopic redshifts 

CLAUDS - HSC Deep 

N(z) for training set
64k 11k

  unbalanced low/high z
  poor training set & poor representativity at i > 25 !

—> HSC-CLAUDS catalogues   (Desprez, Picouet+, in prep)  
         SExtractor +  HSC-pipe   photometry
         Le Phare     + Phosphoros photometric redshifts

         - First release :   This summer 
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CLAUDS - HSC Deep 

SED 
σ MAD = 0.03              
η =3.3% 

CNN 
σ MAD = 0.012              
η =2.1% 

CNN —> UgrizY images           LePhare —> UgrizY+GALEX+JHK           

SED 

CNN 

SED 

CNN 

 I :  Comparison with spectroscopic redshifts Treyer, in prep



LSST France   27  May  202113

CLAUDS - HSC Deep 

                2.5< ZCNN <4.5
               I<24     24<I<25
σ MAD     0.019      0.021   
<Δz>      0.029      0.035
    η         2.1%       2.1%

                  ZCNN <1.6
               I<24     24<I<25
σ MAD     0.011       0.014   
<Δz>      0.001      -0.004
    η          0.5%        1.7%

    —> 30 bands « ultimate » photo-z   
                (U -> IRAC)

   —>  2 photometric catalogues 
             (SExtractor + Tractor) 
    —>  2 photometric redshift codes
             (EASY, Le Phare) 

    —>  independent test with 
           ~180,000 z = mean value of 4 
                                  photo-z ( σ<0.1)      

Bright sample : I<25

 II :  Comparison with external dataset : COSMOS2020  (Weaver+21) Treyer, in prep
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CLAUDS - HSC Deep 

Faint sample : 25<I<26.5

σ MAD = 0.06
η =25% 

high discrepancy at faint magnitudes            

—> CNN suffers from lack of z training  

 II :  Comparison with external dataset : COSMOS2020  (Weaver+21) Treyer, in prep
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CLAUDS - HSC Deep 

Faint sample : 25<I<26.5

—> CNN suffers from lack of z training  

—> add  15k  COSMOS photo-z at i>24.5 

σ MAD = 0.026           
η =2.2% 
PDF (90%)

high discrepancy at faint magnitudes            

 II :  Comparison with external dataset : COSMOS2020  (Weaver+21)

  — Mixed CNN training in critical regimes  

Treyer, in prep
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CLAUDS - HSC Deep 

Comparison with COSMOS2020   (Weaver+21)

~750  OII  Emission Line galaxies in NB912
           at <z>=1.47  with i<26
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CNN photo-z  Summary  

  — Need to control the representativity of the training set 

         —>  to be improved at high-z / faint mag regimes : PFS, MOONS, KMOS, MSE…  

  — CNN photo-z is a powerful and promising alternative 
       for large imaging surveys with limited photometric passbands

         —>  at high-z : include NIR images (or fluxes) will help  (WFIRST, Euclid)

  — Explore un/supervised methods with un/poor labeled data

        —>  pretrain on large unlabeled data + fine-tuning with some labels (contrastive learning) 

help to reduce the required training set (Hayat+21) 

         —>  domain shift with  un/label data 


