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MOTIVATION

! Goal : Measure the radial positions of galaxies, 
! Due to the expansion of the Universe, galaxies appear receding from us, 
! The further the galaxy is, the faster it is moving away, 
! This translates into a redshift of the galaxies’ emitted light (Doppler 

effect), 
! The distance of the galaxy can be inferred from the received spectra. 

� = log (�
observed

) � log (�
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= log (1 + z)
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While spectroscopic redshifts are more accurate than photometric redshifts, their 
acquisition is time consuming and limited to only the brightest objects.

! Spectroscopic redshifts are obtained from 
the full spectral energy distribution, 

! They rely on the identification of features 
such as emission and absorption lines, 

! They provide an accurate redshift value.

! On the other hand, photometric redshifts are 
calculated from the integrated flux in 
broadband filters, 

! They strongly depend on a correct model 
choice and on the continuum part of the 
spectra, 

! These methods are less precise.

MOTIVATION
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MOTIVATION
! Different methods have been widely investigated in the literature such as 

Bayesian approach (BPZ), template fitting methods (Le Phare) , etc. 
! Recently, many machine learning based techniques have emerged in 

order to improve the photo-z estimation, 
! However, they have to be trained with of a huge amount of labelled data 

for which the good redshift value needs to be perfectly known.

We introduce a new algorithm for photo-z estimation, 
It allows to recover the full spectra for the galaxies, 
Training stage needs for templates that properly characterise the 
galaxies but not any spectro-z values, 
The proposed method has been investigated on simulated data. 

CONTRIBUTIONS
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OUTLINE

Introduction, 

Methodology for photo-z estimation, 

Experimental results on simulated data, 

Conclusions and perspectives. 
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PROBLEM FORMULATION

Super-resolution approach

We want to estimate the redshift from the photometry. This can be 
casted as an inverse problem : 

y = Hx+ n

photometry spectroscopy

filters noise

photometryspectroscopy
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SPECTRA REPRESENTATION

! Dictionary learning and sparse decomposition, 
! Unsupervised feature extraction with denoising autoencoders.

Previous work on spectra representation focused on : 

D5.1 Learning-based Spectroscopic and Photometric Redshift Estimation

Fig. 16 displays the weights learned by the model. This illustrates what kind of
features the model is sensitive to and gives an idea about how the input data are
coded (the weights shown here are those used by the encoder, the decoder’s weights
are the transpose of the weights shown in the figure). The earmarks highlighted by
the filters are in agreement with the position of the absorption and emission lines
dominating the training samples. Moreover, Fig. 17 displays one sample belonging
to the training set (a), its representation (b), and its corresponding reconstruc-
tion (c). From the way the information is coded in Fig. 17 it is hard to give an
straightforward interpretation. Due to the mixing performed by the encoder, the
information is distributed over all the code and nothing can be said about hidden
units individually.

Figure 16: Weight filters learned by the DAE for nhid = 800 and �n = 0.01..

(a) (b) (c)

Figure 17: (a) Training samples, (b) Representation, (c) Reconstructed spectra.

Redshift estimation
After training, the model was inspected with a test set containing 1000 spec-

tra randomly sampled from the range z = [1, 1.8]. The test set is composed by
continuum-free samples spanning from 3000 to 20200Å. These samples have been
rescaled following the same preprocessing performed on the training set. The method
to estimate the redshift is described in the following. For each considered redshift

31

! Representations learned from continuum-free spectra, 
! Unsupervised representation learning for spectro-z estimation. 
! Spectro-z relies on the identification of salient features (emission lines)
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REST-FRAME SPECTRA RECONSTRUCTION

! x is the original spectra, 
! D is a dictionary learned from rest-frame templates, 
!     is the sparse representation. 

The spectra of the galaxies can be approximated with a sparse 
decomposition :

x = D↵

↵

spectra reconstruction representation
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OBSERVED SPECTRA RECONSTRUCTION
Similarly, we can decompose the observed spectra at a certain redshift 
according to :

! x is the observed spectra at a certain redshift, 
! D is the dictionary learned from rest-frame templates, where the atoms 

have been redshifted at z, 
!      is the sparse representation.↵0

x(z) = D(z)↵0

spectra reconstruction representation



DL for photo-z estimation         -           DLM, Nice, 2017          -       J. Frontera-Pons

PROBLEM FORMULATION

Super-resolution solver :

Redshift estimation through super-resolution :

z is obtained as the value that minimizes the approximation error for y

↵̂ = argmin
↵

1

2
||y �HD↵||22 + �||↵||1

ẑ = argmin
z

1

2
||y �HD(z)↵̂0(z)||22

↵̂0(z) = argmin
↵

1

2
||y �HD(z)↵0(z)||22 + �||↵0(z)||1
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ALGORITHM
For every redshift value, we solve the inverse problem according to :

! The prox operator for the l1 norm corresponds to soft-thresholding, 
!    has been chosen to be proportional to the estimated noise level, 
! Then, z is computed as the value providing a better photometry 

approximation.

1

Robust ANMF detection in non-centered impulsive
background
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Abstract—One of the most general and acknowledged models
for background statistics characterization is the family of ellip-
tically symmetric distributions. They account for heterogeneity
and non-Gaussianity of real data. Today, although non-Gaussian
models are assumed for background modeling and design of
detectors, the parameters estimation is usually performed using
classical Gaussian-based estimators. This paper analyzes robust
estimation techniques in a non-Gaussian environment and high-
lights their interest as an alternative to classical procedures for
target detection purposes. The goal of this paper is to extend
well-known detection methodologies to non-Gaussian framework,
when the statistical mean is non-null and unknown. Furthermore,
a theoretical closed-form expression for false-alarm regulation is
derived and the Constant False Alarm Rate property is pursued
to allow the detector to be independent of nuisance parameters.
The experimental validation is conducted on simulations.

Index Terms—Elliptical distributions, M-estimation, robust-
ness, adaptive target detection, false alarm regulation.

I. INTRODUCTION

Algorithm 1
Forward-Backward Splitting

Initialization : k = 0, ↵ = 0 and � = 3�̂2,
while Have not converged do

Forward step: r = � 1
LDHT (y �HDT ↵̂k�1)

Backward step: ↵̂k = prox�||·||1(↵̂k�1 �r)
end while
return ↵̂
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EXAMPLE FOR PHOTO-Z ESTIMATION

Photometry

Spectra recovery
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EXAMPLE FOR PHOTO-Z ESTIMATION

True value : z = 0.989

Estimated value : z = 0.984

Reconstruction error profiles for different z
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EXPERIMENTAL RESULTS

! The dictionary D has been learned from 1000 rest-frame spectra covering 
the range between [1252    , 20000    ], 

! In these spectra emission lines have been removed with a mask and the 
corresponding masked parts have been interpolated, 

! It has been learned by specifying the sparsity degree targeted, and the 
number of atoms in the dictionary, 

! Equivalently the test set is composed by 1000 spectra where the emission 
lines have been removed and the samples have been artificially redshifted 
between 0 and 5. 

Å Å
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EXPERIMENTAL RESULTS

m = 10 

SNR = 10 SNR = 20 SNR = 40

m = 20 

bias = 0.0171, scatter = 0.061, % = 0.83 bias = -0.017, scatter = 0.054, % = 0.60 bias = -0.0057, scatter = 0.036 , % = 0.22

bias = 0.0047, scatter = 0.046, % = 0.61 bias = -0.0079, scatter = 0.038, % = 0.30 bias = -0.00145, scatter = 0.0116 , % = 0.12
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EXPERIMENTAL RESULTS

m = 10 

SNR = 10 SNR = 20 SNR = 40

m = 20 

With emission lines on the test set

bias = -0.0122 scatter = 0.0516, % = 0.84 bias = -0.007, scatter = 0.058, % = 0.61 bias = -0.0052, scatter = 0.038 , % = 0.44

bias = 0.0037, scatter = 0.043, % = 0.71 bias = -0.01, scatter = 0.0484, % = 0.35 bias = 0.0075, scatter = 0.0260 , % = 0.28
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THE NEED FOR A POSITIVITY CONSTRAINT

True z Estimated z

Negative values of the spectra allow for a better photometry 
reconstruction. But these solutions are impossible ! 
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THE NEED FOR A POSITIVITY CONSTRAINT

↵̂0(z) = argmin
↵

1

2
||y �HD(z)↵0(z)||22 + �||↵0(z)||1 + �IC(D(z)↵0(z))
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tically symmetric distributions. They account for heterogeneity
and non-Gaussianity of real data. Today, although non-Gaussian
models are assumed for background modeling and design of
detectors, the parameters estimation is usually performed using
classical Gaussian-based estimators. This paper analyzes robust
estimation techniques in a non-Gaussian environment and high-
lights their interest as an alternative to classical procedures for
target detection purposes. The goal of this paper is to extend
well-known detection methodologies to non-Gaussian framework,
when the statistical mean is non-null and unknown. Furthermore,
a theoretical closed-form expression for false-alarm regulation is
derived and the Constant False Alarm Rate property is pursued
to allow the detector to be independent of nuisance parameters.
The experimental validation is conducted on simulations.

Index Terms—Elliptical distributions, M-estimation, robust-
ness, adaptive target detection, false alarm regulation.

I. INTRODUCTION

Algorithm 1
Forward-Backward Splitting

Initialization : k = 0, ↵ = 0 and � = 3�̂2,
while Have not converged do

Forward step: r = � 1
LDHT (y �HDT ↵̂k�1)

Backward step: ↵̂k = prox�||·||1(↵̂k�1 �r)
end while
return ↵̂

Algorithm 2
Generalized Forward-Backward Splitting

Initialization : k = 0, z1 = 0, z2 = 0,↵ = 0 and � = 3�̂2,
while Have not converged do

r = � 1
LDHT (y �HDT ↵̂k�1)

z1 = z1 + prox �
L ||·||1(2 ⇤ ↵̂k�1 � z1 �r)

z2 = z2 + proxIC(·)(2 ⇤ ↵̂k�1 � z2 �r)
↵̂k = z1+z2

2
end while
return ↵̂
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! The prox operator for the l1 norm corresponds to soft-thresholding, 
! The prox associated to        is the computed with FISTA in the dual.IC
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THE NEED FOR A POSITIVITY CONSTRAINT

Positivity constraintTrue z Estimated z
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EXPERIMENTAL RESULTS

Positivity constraint
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CONCLUSIONS

Conclusions 

We have introduced a new algorithm for photo-z estimation, 
The proposed algorithm allows to recover the full-spectra of the 
galaxies from broad-band photometry, 
The method has been analyzed on simulated galaxies’ spectra. 

Perspectives 

Include the emission lines in the representation 
Explore other representations based on Deep Learning methods, 
Compare the performance with LePhare.
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Thank you for your attention!


