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AN S W

Euclid:
High resolution: good for galaxies detection and shape measurement.
Need extra colors for redshift estimation.

Rubin:
More bands
Lower resolution (blending of galaxies, etc)

Ideally, we would like to have a Joint Euclid-Rubin (JEUBIN Catalog),
using both Euclid resolution and Rubin colours.
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= Part 1: Introduction
= Part 2: Ground Based Telescope PSF
= Part 3: Space Telescope PSF

= Part 4: Joint Rubin-Euclid Deconvolution
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Galaxy

Deconvolution

Y=HX+N

Galaxy
observation

Ground: Subaru (8.2m) Space: HST (2.4m)
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Galaxies Survey Image Deconvolution

Sandard deconvolution framework:

y = Hx +n

Sandard deconvolution framework:
. 1 5
argmin = ||'Y — |5
X 2

H is huge !l



Galaxies




S An Inverse Problem 'S

The deconvolution problem Y = hx +n Least Square estimator H Yy — hx H2

But there is no unique and stable solution,
it is an ill posed inverse problem.

|y —ha ||* +C(z)

Physical Knowledge on X (ex: Gaussian Random Field, etc).
==> (@Gaussian smoothing, Wiener reconstruction, etc
==> Log normal distribution prior

X properties are understood through a representative data set
==> X Learning, X in (Dictionary, Machine, Deep)

Knowledge on the histogram of X in pixel space or in another one.
==> Positivity constraint, sparsity constraint, etc.

< CosMoSTAT



Galaxy

Point Source

Convolution Operator + Sampling
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i) S The PSF Challenge
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=Part 1: Introduction
= Part 2: Ground Based Telescope PSF
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= Part 4: Joint Rubin-Euclid Deconvolution
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PSFEXx: Models the point spread function (PSF) from observed stars, adjusting its spatial variation across the field to
correct for instrumental and atmospheric effects.

Lensfit: Performs Bayesian galaxy shape estimation by fitting PSF-convolved galaxy models.

MCCD (Liaudat et al. ,A&A 646,A27 (2021)): Modelling the full PSF field.
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The PSF Field Recovery Problem

Observed PSF

“True” PSF
(punctual star convolved with true PSF)

Flat to 1-D vector

Datapoint %
matrix o , matrix 'Y
X ®Random shifting  Pixels
® Decimation N/4
Datapoint % .
Degradation
matrix [\4
07
| | "
o ... g Datapoints o ... g Datapoints

® X c Rﬂ\:XK : true PSFs at different positions of the FOV.

@Y c ]R{f’XK : observed PSFs.

® M =M, - ,Mg], M, € RJ_I\_T’XN : decimation and shifting.
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Joint estimations of super-resolved PSFs at stars positions
- Low rank constraint: Constraint the PSFs to be a

AR

. . . . Eigen PSF
linear combination of the eigenvectors PSFs: g
T
k s; = 1th vector (2D 1mage
PSF" =z, =) " a; s 7, ector (2D image)
) a; . = coefficient corresponding to contribution
1=1 “ R of the i-th vector to the k-th PSF.
- Positivity constraint (Xk > 0)
- Smoothness constraint on each s Z H s Hl
T
= Proximity constraint on the aix coefficients: the closer are the stars, the more the coefficients of the linear combination al
Ui € Ustars
N ¢
N L
WY -
az ;.
a 72
a. aK i 15




Laplacian Graph P=D - A, where D is the degree matrix and A is the adjacent matrix of the graph

- Degree matrix= diagonal matrix with information about the

Pt P _ ‘ / A ‘ / L degree of each vertex—that is, the number of edges attached to
T each vertex.

- Adjacent matrix A: element Air is one when there is an edge
from vertex i to vertex j, and zero when there is no edge.

PSF Laplacian Graph W
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Matrix Factorization

AN S
MODEL: X

S — [Sl, cens Sp]

T

PSF*) — Tr = Zai,ksi
— 1=1
s; are "eigen PSE”

VT

'S
|
Q

Each eigen PSF is sparse in a wavelet dictionary

T

1

A;: function on PSF graph
associated with eigenPSF S;

Eigenvectors of

x;: sparse to enforce spatla.l constraints PSF graphs’ Laplacians

http://www.cosmostat.org/software/rca/ 17
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i S Matrix Factorization

1 T
min _[[Y — M(SaV )3+ ) flwi © ®sll1 + t4(SaV ") + 1q(a)

Smoothness of the PSF

. . g e s .

Data fidelity term Sparsity on the eigen PSF: the PSF should Positivity Constraint - |+ constraint : the smaller
have a sparse representation in an appropriate the difference between two
basis PSFs’ positions uj, uj, the

smaller the difference between
their estimated representations

http://www.cosmostat.org/software/rca/ 18
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AN &S Numerical Experiments W
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AN S Multi-CCD PSF model

Liaudat et al. , A&A 646, A27 (2021) €1
https://github.com/CosmoStat/mccd
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https://github.com/CosmoStat/mccd

A

L)) Numerical Experiments

e Qp1: Pixel RMSE taking into consideration the noise level

e Qp2: Mean standard deviation of model’s noise CFIS Real Data

PSFEx Model ~ PSFEx Residual i |

l:. !V-lrl.l

e Qp3: Variation of model’s noise over Qp2
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Tobias Liaudat

400
Test star

200

600

[ - l_i II
o |

- ._,,H -
| 1

0
Method Q-p 1 QP : QP : 400 MCCD-HYB Model ' -YB 11
PSFEx 1556 8.13 1431 A e
MCCD-HYB 12.14._6.68 __ 10.8¢ 600 d . )

Gainpgpgx o

Model’s reconstruction error 200

1 T
Igin §HY — M (SaV ||z + Z lw; ® ®s;]|1 + ¢4 (SaV ') 4+ o)
' i=1

T. Liaudat et al, "Multi-CCD Point Spread Function Modelling", Astronomy and Astrophysics, 646, id.A27, 18 pp, 2021. 2


https://arxiv.org/abs/2011.09835
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L) Euclid PSF Modeling

e PSF Modeling
= Undersampling

=) Space dependency

= [ime dependency

= \\avelength dependency
= \ulti-CCD

< CosMoSTAT



NASA and ESA

Objective

Wave Front Error (WFE) modelling

HST « ACS « WFC3

Star observation
N\

y A
b=1

e Star considered as point source
e Discretization of the integral into N wavelength bins
e Star SED information known

STScl-PRC14-27a

/ —
From a set of Huz and Su()\) we need to estimate ’]—[2 at any position and wavelength.

"

\

)

AR
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Euclid PSF Modeling

Hy o Dy{ P @ exp |2mi

[

Monochromatic PSF .
. Obscurations WFE _
reconstruction Parametric
Component

Diffraction operator +
Downsampling

Star observation

e Discretization of the integral into N wavelength bins
e Star SED information known

Ny
ﬁui > Z Suz()\b) HQ)L\? e Star considered as point source
b=1
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Wavefront Error Modeling

AN &

e The model is now build on the wavefront error (WFE) and not on the pixel images.

4 )

WFE = Parametric Part + Non Parametric Part

- /

e The non parametric to correct the mismatch between the model and the truth.

Tobias Liaudat

e Easier include the dichroic coating effect.

e RCA regularization technique on the Non Parametric Part.

GPU + TensorFlow automatic differentiation

e Uses a forward model, WFE — pixels
o Includes diffraction phenomena, obscuration, downsampling, etc..

e End-to-end differentiable!
o Based on an automatic differentiation framework — TensorFlow.
o Fast computations on GPU.

26



Forward model

Euclid Point Spread Function Field W
N
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Wavefront PSF model

Downsampling operator

T. Liaudat, J.-L. Starck, M. Kilbinger, P.-A. Frugier, "Rethinking the modeling of the in_';,trumental

response of telescopes with a differentiable optical model", Inverse Problems, 39, é 2023.



https://arxiv.org/abs/2203.04908
https://arxiv.org/abs/2203.04908
https://arxiv.org/abs/2203.04908

Euclid Point Spread Function Field

Pixel errors with respect to noiseless ground truth polychromatic PSF at Euclid resolution.

Model Train stars RMSE Test stars RMSE
Parametric 1.1087e-03 (14.16%) 1.0950e-03 (14.45%)
WF-RCA 2.4031e-04 (3.07%) 2.7927e-04 (3.68%)
[ = ] —10.015
Ground truth -0.12 Test star estimation -0.12 abs(Residual) same scale | 012 Residual adjusted scale
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— WF-RCA improves by a factor of 4 the RMSE compared to the parametric model

0.00

0.00

which uses the ground truth underlying model.
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W

Euclid:
High resolution: good for galaxies detection and shape measurement.
Need extra colors for redshift estimation.

Rubin:
More bands
Lower resolution (blending of galaxies, etc)

ldeally, we would like to have a Joint Euclid-Rubin (JEUBIN Catalog), using both Euclid resolution and Rubin colours.

e Euchid VIS
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U. Akhaury, P. Jablonka, F. Courbin, and J.-L. Starck, “Joint multi-band deconvolution for Euclid and Rubin images”, A&A, 697, id.A136, 2025. 30



Euclid-Rubin Image Relation

LSST: R LSST:/ LSST: Z
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1| h, X.—Y. heuc o ZC XeXe = Yeuc
Lr(Xr) — 2 s + kconstr p
r 7 euc r
0 2
1| by = X;—Y, heuc o Zc XeXe — Yeue
Li(Xi> — 2 5. T }\‘constr .
i 7 euc r
0 2
1| hy* X, —Y heuc * Zc XeXe = Yeuc
LZ(XZ) — 5 - + }\“constr 5
Z 7 euc r

min L,(x,)+ L;(x;) + L,(x,)

Loy s Lqq Lz
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AN &S Optimisation W

Loss Functions iteratively minimized using [k+1] _ [k] [k]
SIAGIEREEESCEnt Xriz) T Mriz) Birizy V Liriz) Xriz)

b P b, €ER"

h;:r o (hr * X, — yr) heuc < ZC XeXe ™ Yeuc

VL,(X,) = + 2\ omsir® ]
Gradients of the Loss ”(X") HGI’HZ constr®Neyc * HGeucH2
Functions F _ ] F ]
h' % (h *x. — v, h _
VLi<Xi> =— . ( - ? yl) + 2N onser @iy * e Zc OCCXZ =
HC;Z.HF HGeucHF

h, h _ heuc c™c — Jeuc
VLZ(XZ) = — : ( - yZ) + 2kconstrazh2;tc * : ZCOC X2 -

o], e

F
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Convergence Guarantee & Optimal step size

A function’s gradient is H Vf(x') — Vf(X)H < CHX' — XH where C 1s the Lipschitz constant
Lipschitz continuous Iif :

/
Xirizt = X{riz)

VL{r,i,z}("{r,i,z}) - VL{r,i,z}<X{r,i,z}> < C{r,i,z}

Substituting the T > T
. - g C > h{r,i,z} * h{r,i,z} | 2}\constra{r,i,z}heuc * heuc
individual loss {riz} = s 2 HG Hz
functions, we get: Otz F euell p
The Optimal , _ 1 ﬁ |
it Nal Hence, we choose o =
Condition for {riz) Corio (riz) ( [+ 1 0_5) Con

Convergence
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HST Filters

Ground Truth Images e

e " Foogwm s, TR T s e
. UCTIO FE06wW F8S0LP F[125W HAWK ~| Ks 2.8 pur Z
= HST cutouts of 128 « 128 pixels from GOODS-N and - | f\ - ik B | ' A/\ g} &
c e ] A\l 1~ " M -
GOODS-S in the following filters: 2 0.9 - /a ‘ ' ' | / =
R - | | | N | =
e F606W g 0.6_—'_— | | z
!
. F775W 5 04| \ =
- F850LP = i ‘ | H =
0.2/
=)
=AW 2 F .01 KX

Noisy Simulations

= (Calculated fractional flux contributions («,, a;, @,) from filter curves

= Convolved ground-truth images with corresponding PSFs

Added White Gaussian noise such that

Rubin-simulated images have a signal-to-noise (S/N) ratio ranging between 12 and 28

Euclid-simulated images have a signal-to-noise (S/N) ratio ranging between 20 and 45

wavelength (um)
yr — hr * Xrt' + nr
y; = h;#x/ + 7,
yZ — hZ * Xé + ;/IZ
t

_ t t t
X,,c = aX. + aX; + o X,

_ t
yeuc T heuc * Xeuc + neuc

- 11T
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Rubin r-band: Iteration 0 Rubin /-band: Iteration 0

Rubin r-band: Iteration 200 @l Rubin /-band: Iteration 200

Rubin z-band: Iteration 0

Rubin z-band: Iteration 200

Euclid VIS: Iteration 0

Max

Min

Assume 3 separately placed
Gaussians in each channel
(corresponding to LSST
channels)

The joint image (Euclid) is a
linear sum of these channels

No Flux Leakage from one
channel to another
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Rubin: r-band Joint Deconvolution: r-band HST: F606W Residual: r-band

b sl
-t

Euclid: VIS Rubin: i-band Joint Deconvolution: /i-band HST: F775W

3

o
T
o
d .
N iy
= B B
Rubin: z-band Joint Deconvolution: z-band HST: FB50LP Residual: z-band [
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Convergence W

35000
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30000 —— |-band
— Z-band
c 25000
O
2
= 20000
)
3
9 15000
10000
5000
0 50 100 150 200
= Algorithm run for 200 iterations lterations

= Convergence within 50-100 iterations
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H Post-Processing Denoising

Pre-denoising: r-band Post-denoising with DRUNet
Mag
' % Skip Connection l %
o o
> |12 |2 [ v : zl 12 |2
8-» g > 8 > Pl Pl PP PP P Pl P 8-» g —> 8
Ol |o = s Y
.:"3 vp ™S R :"3
o~ WD N o~
<H e 0.5&\‘ %SCS ],\ - <H
DO e -
~

- —— ' Post-denoising with DRUNet

Plug-and-Play Image Restoration with Deep Denoiser Prior, Zhang et al., 2021

NMSE r-band i-band z-band

Pre-denoising 0.059  0.041 0.053
Post- denoising () . O 5 8 O . 03 8 O 03 8 Pre-denoising: z-band Post-denoising with DRUNet

% improvement 1.69%  7.32%  28.3%




A S Flux Recovery W
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S A

S/N before deconvolution
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Experiment on CFHT Images (Perseus Cluster) / Euclid ERO Image

oU. Akhaury, P. Jablonka, F. Courbin and J.-L. Starck, "Joint multi-band deconvolution for Euclid and Vera C. Rubin images"”, A&A, 697, id.A136, 2025

Deconvolution of Rubin/ISST images using Euclid VIS information

Experiment: Three bands from CHFT Megacam instrument and its corresponding Euclid VIS image

CFHT: r-band CFHT: i-band

Utsav Akhat

Colour Map

min max

Deconvolved + Denoised: r-band Deconvolved + Denoised: i-band Deconvolved + Denoised: z-band

Euclid: VIS

42

Computation time: 5s on a single CPU.



VA —~ anity chec
A S

CFHT: r-band CFHT: i-band

Colour Map

min max

Deconvolved + Denoised: r-band Deconvolved + Denoised: i-band Deconvolved + Denoised: z-band

Euclid: VIS
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Sanity check 2

CFHT: r-band CFHT: i-band

AN S

Colour Map

min max

Euclid: VIS Deconvolved + Denoised: r-band Deconvolved + Denoised: i-band Deconvolved + Denoised: z-band
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~ Sanity check 3
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Uncertainties Quality

Conformalized quantile regression (CQR)

g ; g /
Y. Romano, E. Patterson, and E. Candes. NeurlPS, 2019

eH. Leterme, J. Fadili and J.-L. Starck,” Distribution-free uncertainty quantification for inverse
problems: application to weak lensing mass mapping", A&A, 694, id.A267, ArXiv:2410.088312024,
2025.

H. Leterme J. Fadili

— +
Goal: given y, estimate kK and kK such that

A A
N At E.g., g/1<r> =r+ 4 “
A
- L(K’,K’ K ) < a. g/1<r;>
10°
0.12 ® b I
' ® No calibration KS (weak smooth.)
0. 105
9

o O
N -
‘= 0.08 - %
S DeepMass t wiolis B
v Q
S 0.061 PnP-FB KS (strong smooth.) >
U] o

0.04 - =

MCALens Wiener
0.02 -
0.00 10—2

0.0150 0.0175 0.0200 0.0225 0.0250 0.0275 0.0300 0.0325
RMSE 46



D S W

U. Akhaury, P. Jablonka, F. Courbin, and J.-L. Starck, “Joint multi-band deconvolution for Euclid and Rubin images”, A&A, 697, id.A136, 2025.

v A new method for deconvolving Rubin images using Euclid information

= Very nice results : resolution, flux, SNR ...
= Deep Learning post-processing
= Experiment on real data (CFHT/Euclid): could be improved with a PSF estimations for both CFHT and Euclid.

v’ Perspectives:
= Include the Euclid in flight PSF model
= Use MCCD method for Rubin PSF and WaveDitf for Euclid PSF
= Use more efficient optimisation techniques (pre-conditioner, proximal methods)

= Estimate uncertainties (Conformalized Quantile Regression)
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