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Dark Universe Gravitational lensing



Context

Weak gravitational lensing
(< 10% of distortion)

= [Data from the ESA Euclid mission
(to be launched in 2020)




Context

Weak lensing measurement bottleneck: the PSF

Hubble'Ultra Deep Field 2014 HST « ACS « WFC3
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Context

Model-free PSFs estimation accounting for:

noise and aliasing
- spatial and temporal variations
- wavelength dependency.



Monochromatic PSFs joint super-
resolution

Observation model

Vi = Mixi + ng, k=1---p

yk: Kh low resolution image

Mc: shift and downsampling operator
Xx: kth well resolved image

Nx. gaussian noise



Monochromatic PSFs joint super-
resolution

Constraints

* Plece-wise smoothness
* Low dimensionality

* Spatial regularity

* Positivity



Monochromatic PSFs joint super-
resolution

Constraints

X = [xX1, ..., Xp]

®X columns sparse X! = VW with W columns sparse

/ N

Pixel domain features dictionary Spatial frequencies dictionary



Monochromatic PSFs joint super-
resolution

Constraints

$S columns sparse AT — VaTwith o columns sparse

S
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Monochromatic PSFs joint super-
resolution

Spatial frequency dictionary
Observed stars spatial locations: (u;)1<i<p
1D case, regular spacing, p=2k+1

Vi = Yp_iv1 = —1/|u; —up1|© a>0,e >0
p
Wy = Z a/lu; — wpiq|° “Notch” filters: varying notch
i—1 frequency

j#k+1 depending on e and a
\Ije,a(v) — HV * ¢e,a”%

U M,(R) - RY LA ) 0, (Al ])
1=1
O<er <ey < - < ey,



Monochromatic PSFs joint super-
resolution

Spatial frequency dictionary

Ve : R s RY V%ZZ A
1Huk_u2||2

\Ije,a( ) HPe CLVHZ
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LLde alJ](V, Ve, a[a]D

1=1 5=1
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Monochromatic PSFs joint super-
resolution

Spatial frequency dictionary

(eiv ai)1§i<7“ V = [Vel,ala O 7Vef,n,a,,a]

P. 1: laplacian matrix of a graph
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Monochromatic PSFs joint super-
resolution

Optimization problem

O = {a e Mo nR)/|lall,]llo <m, l=1...7}

Qs = {(S, ) € M,,,.(R) x M, n(R)/SaV" >y, g) 0}

min Y — FSaVT)[E+ 3 w0 B, 05l +im, (@) + 16, (5. )
1=1
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Monochromatic PSFs joint super-
resolution

Algorithm 1 Resolved components analysis (RCA)

1: Parameters estimation and initialization:

Harmonic constraint parameters (e;,a;)1<i<r = V, Ag
Noise level, Ag = Wy

2: Alternate minimization

3: for k£ =0 to k.« do

4: for j =0 t0 jpax doO

)

Sk = argming||Y — F(SAp)|% + 2, Wil i) © ®S[:, ]|y s.t. SAR >0
S
6: update: Wy o, Sp — update(Wy 41)

7. end for
8 gy = argming||Y — F(SraVT)||F s.t. |lafl.:]]lo < m

x
9:  update: Noise level, agi1 — Wiy10

10:  Apyr =g VT

11: Ak+1[i. I] = Ak+1[i. ]/IIAL+1[1 ]”2 fori=1...r
12: end for

13: Return: S,

Ay

max '’ max "
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Monochromatic PSFs joint super-
resolution

Numerical results
Data

e 500 42x42 simulated Euclid telescope optical PSFs
* Realistic effects included such polishing and alignement defects

 Upsampling factor of 2 in the SR case
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Monochromatic PSFs joint super-
resolution

Numerical results

Dimension reduction

1.0

»—+ RCA
asl--- e—e PSFEX
' -~ GMRA
. o -- PCA
0.0 - e - RCA Analysis
Ellipticity N
vector error - N e T
-1.5 :_\“?:f——\\\
-~ . B
-2.0 R
-2.5
0 10 20 30 40 50




Ellipticity

Monochromatic PSFs joint super-
resolution

Numerical results

Dimension reduction and super-resolution
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Monochromatic PSFs joint super-
resolution
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Conclusion

* Noise robust dimension reduction and super-
resolution method taking advantage of the PSFs

field spatial regularity

 (Good accuracy on both PSFs shape and pixels
values
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