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% CSST, LSST,
2 Euclid,
Roman (WFIRST) ...

Stage IV (upcoming)
S/N > 400

Stage lll (Ongoing)
S/N > 30

KiDS, DES, Subaru, HSC...

Signal-to-noise ratio (S/N)
in cosmic shear measurement
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Real Space Fourier Space
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Kaiser-Squire (KS) method

If mask exists ...
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Mask function m(0) £
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ﬁ Mépmaking in CMB expériménts
| TIME- T y = AX +n.

6422347 6443428 -454.841

ORDERED
DATA

A s "
B T
i =
'. Fmap @F
i \

| PARAMETER |Q,Qp, A, T, h
| ESTIMATES |n,npQ,T/S

< (Max Tegmark 1997)

Minimum variance estimate:

£ =DA'N"1~

~__
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AKRA

Yy =AKk+n

The minimum variance estimator:
= DAIN1~.
The ensemble average of the estimator:
(#) = (DATN"!)
-D (ATN—lA) s

= Pk, “""""} Define PSF

The covariance of the estimator:

C=(®R-0E&-0Ty=PD'

Ideal case: ) — (ATN_lA)_l

1
C=pPDT = (ATN 1A)
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(ATN lA + R) ATN 7 IA?]Sal'ltn;EtiOl’]:
: Y,

R = ¢l ensures numerlcal stability 2. noise-free,
3. periodic boundary.

1. Generation of convergence field
2. Generation of shear field

3. Adding a mask m(6) to the shear field y{” 9), yé” (0)

4. Generation of convolution kernel matrix M = M( 71)
5. Modification of convolution kernel matrix:

_ |cos(2¢, ) M
B sin (2¢€1) M
6. Solving the linear equation
~1

= (ATN‘lA + R) ATN"!'~ Convolution kernel matrix A
Hermitian conjugate of a matrix AT
Inverse of a matrix A1
Pseudo-inverse of a matrix At
Regularization matrix R
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KS will result in a poor estimate of masked regions and P/ s

MOSk Llsed in Siﬂ'\U'O'l‘iOﬂS near the edge of the footprint

Mask from Observation

The mask is generated from the real observation of
the DESI imaging surveys DRS.
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= .»  Random mask
< 100+
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Introcluction Methodl Simulation Conclusion
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Simulation A: Mask from real observation

1.0

0.8 The mask is generated from the real
observation of the DESI imaging
0.5
surveys DRS.
0.2

0.0
Each of the three patches of sky has
175 pixels, with a side length of 20°.

1.00 Three patches of sky with
a higher angular resolution
0.75 of 6.7 arcmin (HEALPix

Nside = 512). The
0.50 masked pixels are
denoted in black and the
0.25 unmasked pixels in
white.
0.00

Pixels Pixels Pixels
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Simulation 1: Mask from real observation N o
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Simulation A: results for unmasked pixels N N
1.00
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Simulation A: results for masked pixels N N .
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Eigenvalues of [(ATN‘IA) &= DATN 1, =0

Ideal case: p = (ATN‘IA)_
-1
C=PD" = (A™N"'A)

1
Eigenvalues of the ATN~1A

=
Q
o

Covariance matrix:

We anticipate that the smallest covariance will be

(=
<
(]

associated with the[greatest inverse covariance,

, unchanged

| (A])>(A2)>(A3) 1

|— Mask0% attenuated
— A1 Mask 15%

A2 Mask 18%
A3 Mask 39% ideal case: P = (ATN‘lA)_l
lost

Eigenvalue
(=
<
N

Deconvolution matrix:

=
<
w

—1
(ATN—lA) = VAVT

[
<
IS

0 10000 20000 30000

Eigenvalue Component Number ill-posed case: D = (ATN—IA n R)—l
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Simulation A: results for all pixels = = =
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Conclusion =
Why masked pixels can be recovered in AKRA?
Yl Non-local relation
9 between shear and convergence.
[
« Assumption: flat sky, noise-free, periodic boundary
conditions.

. Various mask shapes: C, is accurate to 1% or better;

1 —r, $ 1% (for masked pixels)
o Future: curved sky, inhomogeneous shape measurement
noise ...
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https:/arxiv.org/abs/2311.00316

[3] arXiv:2311.00316 [pdf, other]

Accurate Kappa Reconstruction Algorithm for masked shear catalog (AKRA)

Yuan Shi, Pengjie Zhang, Zeyang Sun, Yihe Wang

Comments: 17 pages, 21 figures, To be submitted. Comments are welcome!

Subjects: Cosmology and Nongalactic Astrophysics (astro-ph.CO); Instrumentation and Methods for Astrophysics (astro-ph.IM)
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Simulation B: random mask (results for unmasked pixels)y =~
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Simulation B: random mask (results for all pixels)
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Simulation C: circular mask with same rate (10%) of masked p&éﬁ
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Eigenvalues of (ATN‘IA)—1

Eigenvalues of the ATN~1A The covariance of the estimator is
10° . . 14\t
L=(F-NGF-7))= (ATN 1A) . (6

_— B We anticipate that the smallest covariance will be
0 \‘ associated with the{greatest inverse covariance,
& ;
= unchanged ;
g 4 S | (81)>(B2)> (B3)> (34)1
ol 1074 Mask 0% N ’
w —— B1 Mask 10% ) 1. )

attenuated  Secondly, the matrix (ATN"!A)™" is the deconvolution

B2 Mask 20%
B3 Mask 30%
B4 Mask 40%
—— B5 Mask 50%

matrix of the estimate in Eq. 14. The eigendecomposition

_3 -] . . . .
10 of the deconvolution matrix is given by

-1
(ATN"'A) = VAV,

10_4 T T T T T T T
—1

0 5000 10000 15000 20000 25000 30000 o A Tnr—1 Tar—1
Eigenvalue Component Number K= (A N A) ANEy
(14)

AKRA: Accurate Kappa Reconstruction Algorithm Introduction  Methodl Simulation  Conclusion



/A
P_ﬂ/ SJTUPA

LS BXFMBEXFER

Simulation B: random mask

Eigenvalues of the ATN~1A Eigenvalues of the ATN"1A
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Gravitational lensing today

/o A
P’.// SJTUPA
s

LBTRAEMBES XXFR

s el \\\
C i
% .0 &
o 23
o{'@y
@Q

ng
cluster, imaged by Hubble Space Telescope.
[Image credit : NASA/ESA]
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