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10-years ago at the Sagan Summer Workshop...

Image processing for exoplanet detection and characterization
Method: Bayesian inverse problem solving

ANDROMEDA 3- Maximum likelihood:

Ingredients
- Coronagraphic / saturated images
- Pupil tracking mode
-1 PSF (unsaturrated exposure)
1- ADI based algorithm:

Likelihood map Flux map

v Detection + position » Flux
e A 4-Comparison to other algorithms
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Position -Thresholding for detection
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Direct imaging with ground-based telescopes




Direct imaging with ground-based telescopes

——

HCI

Faint objects

HCI-LR

HDC SAM

Near - thermal infrared

at close separation
to their bright host star Ground based telescopes (8-m class)
( (H-band, 1.6pm to N-band, 10pm)

Sensitivity
High-resolution
High-dynamic



High-contrast imaging

Also called “coronagraphic imaging”

High Angular resolution few milliarcseconds & High Contrast more than 10¢

Seeing
limited

C~107

Bright starlight residuals !

—_—— e

Often called “stellar halo”
or “speckle field”, ...
“stellar glare”
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High-contrast imaging

Bright starlight residuals !

—_—— e

Seeing
limited

C~107

C~10%-10%

1"

= | ight-rays interfere in the focal plane




High-contrast imaging

There is a pre-processing step here

‘ Also called “cosmetic”, “calibration”, “data reduction”... ‘

Seeing

imited C~107 C~10 c~10%-10% 1%

e #1- Adaptive optics residuals: usually halos (long exposure time ~1sec)
® #2- Low order aberrations: starlight leakage (vibration/jitter, low wind eftect ...)
® #3- Non-common path aberrations: high order spatial frequencies

® #4- Detection noise: detector noise, background, readout noise, bad pixels...




Summa ry Qf our taSk Saying that at a given radius, mean and variance is the same is usually wrong

What do we want / need:

® Detection: discriminate Hg from H¢ + confidence level

® Characterisation: astrometry & photometry + uncertainties

® Detection limit: algorithm performance (astro-centered)

® Comparison: apply difterent algorithms (algo-centered)

Maximizing True positives, minimizing False negatives

For point source (substellar companions) & extended source (circumstellar disks)




Differential imaging 101

Find a different behaviour between (1) the astrophysical signals
and (2) the starlight residuals

Exploit this diversity to recover the signal |

2. Subtract it to the image 3. Combine all the images

1. Estimate the star image

Often called “reference” PSF

This step Is critical !l Whitens the residuals ! This can be optimized

4. Build a detection map

Detection by thresholding



Differential imaging 101

Need a specific observing strategy & calibration procedure

= Provide with various diversities

Binary Differential Imaging: Rodigas et al., 2015

Reference Difterential Imaging: Mawet et al., 2009, Rameau et al. 2012

multi-Reference Differential Imaging: Xuan et al. 2018, Bohn et al. 2019,
Ruane et al. 2019

Polarimetric Difterential Imaging: Kuhn et al. 2001

Spectral Ditterential Imaging: Racine et al. 1999, Sparks and Ford 2002

Coherence Difterential Imaging: Baudoz et al. 2005

Angular Differential Imaging: Marois 2006, Davies 1980

Focus on ADI-based techniques !



Angular Differential Imaging

Pupil tracking mode: 't brings angular diversity

For an alt-az mount telescope
Disable the field derotator

ADI is a technigue, not an observing mode or data set type

Meridian Meridian
passage passage

%
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1 Target trajectory
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Target trajectory

Observing time Observing time

Image field
Field of view rotates w/ parallactic angles
© F. Cantalloube - ESO/SPHERE




1.Estimating the star image
The basic approach

Pairwise subtraction:
The closest frames in time are the most correlated
while not self-subtracting the signal

frame (t1) frame (t2)

The optimal Aa is 0.5 lambda/D

1. Estimate the star image

Temporal median:
The median represents the "typical’ image
while the moving signal is not taken into account

[Marois et al., 2006]

Temporal frame (t1)

median .
-median

It comes with various flavours: smart-ADI, annular-AD|
And variations: Image Rotation Subtraction Dou et al., 2015




1. Estimating the star image
The classic approach

Principal Component Analysis (PCA):
Linear combination of the images of the cube
ecomposed over orthogonal basis (eigen-images

[Soummer et al., 2012] [Amara & Quanz 2012]

And also...
smart-PCA, Absil et al., 2013
LLGS, Gonzalez et al., 2016
AMAT, Daglaya et al., subm.
NMF, Ren et al., 2018
Space-Time KLIP, Lewis et al., 2023

1. Estimate the star image

Locally Optimized Combination of Images (LOCI):
Find the linear combination that minimises the residuals

while the moving signal is not taken into account

[Lafreniére et al., 2007]

Subset
of images

. Coefficients
All the images (t)

Images

And also...
Template-LOCI, Marois et al., 2014
Adaptive-LOCI, Currie et al., 2012
Matched-LOCI, Wahhaj et al., 2015
Damped-LOCI, Pueyo et al., 2016




1. Estimating the star image
Halt Sibling Regression

Planet Systematic noise Random noise

unobserved:

Position of the host star

A causal model to predict the systematic noise o Target pixel

Bl Pixels used as predictors
s Exclusion region

[Gebhard et al., 2022 ]




1. Estimating the star image
Signal Sate Speckle Subtraction (4S)

Science images Linear model Noise estimate Residual sequence AF Lep b (201 1)
O {7) Keck-Dec2021 () Keck - Feb 2023
e /
@ > > B > 3 }A{ > O —
Q r (3
|
Raw weights Right reason mask Regularization G 4S Loss function in time
i ) at noise position
R °
- B ° m; ;) ®
i " ::.::::i:.‘”%,:iﬁ_::;,:ii“:”.‘...‘ # N
| I Pt — Lyg =Tt —T
Explainable Machine Learning Auto-Grad against signal loss

[ Bonse et al., 2024 ]




2. Subtract it to the image

2. Residuals after subtraction

Also called ‘subtraction residuals’, ‘difterential imaging’ residuals, ‘post-processing residuals’

The noise distribution of the residuals is sub-exponential (and not Gaussian)
> hence the high number of talse positives !

W 10Y A A | .

. Datasct: HD 206893 SPHERE Dataset: HD 206893 SPHERE
2 — [3-pic NACO - g
O 100 100 @
S : = HD 206893 SPHERE =

-1 o om - - . -
» 10738\ i = ——51 Eri SPHERE
‘qﬁ) _ Y ‘ 0 - 0 -
3 )
c —2 4
& s
15 - ~100 ~100 -
S - : Before subtraction After subtraction
LL‘ 10_3 - I B | )| _[2 (]) ; ; I10 i I5 (]) ;) ll(:
0.0 0.2 0.4 0.6 0.8 1 - -
threshold €

It depends:

e On the data itself (instruments and conditions)
* On the distance to the star

[ Pairet et al., 2019 ]




[ Jensen-Clem et al., 2017

2. Residuals after subtraction

Bonse et al., 2022

Beyond the 5-¢ contrast curve for non-Gaussian noise

1. Observation & Measurement 2. Hypothesis & Assumptions 3. Statistical Test & Conclusion
c .
Mz, U

'-g [HO 1.Ux=l1y] oY 0.4
U -
()
v
Q 7 03_ Tobs —_ 2.28
z T

X

I 0.2

=
S =
‘g 0.11 Detection Confidence:
-
9 J FPF = 0.0243 %}h

0.0
—4 2 0 2 4

SNR / Test Statistic

SNR =T,y = 2.28 = Noise PDF == Signal PDF X X, X2, ..., X X Y
obs ° - : - |-Distribution v=10—-1=9

It is essential to have a realistic estimate

of the distribution of the residual noise
Confidence level




3. Combining the images

Mean combination

SRR

Median combination

T

3. Combine all the images




3. Combine all the images

3. Combining the images

Noise weighted combination Statistical testing Multinest approach
[ Bottom et al., 2017 ] [Mawet et al., 2014] [ Golomb et al., 2020]
1 A Accounting for small-sample statistics Nested sampling to compute the
. . 1 F; evidence for HO and H1.
Optimal weight Iypt = > 01_2 Z; 0_2-2
k z ) e o °® °
Empirical normalisation
STIM map [Cantalloube et al., 2015] SNAP approach
4 )
[ Pairet et al., 2019 j s [Thompson & Marois, 2021]
r " D - ,5; Optimisation of the S/N ratio
STIM = — 5" ' _;
o i R
S / 0 s 10 150 200 250 300
k Distance from the center (pixel) )
Normalization Balance noise reduction

factors to optimize SNR Similar to adapting the threshold vs. self-subtraction



3. Combine all the images

3. Combining the images

STIM Largest Intensity Mask (SLIMask): Regime Switching Model (RSM):

 Pairet et al,, 2021 (PhD thesis) | Dahlquist et al,, 2020, 2021ab, 2022 |

Mask to apply on STIM-maps: Build a time series in residual cubes:

Average location of the largest entries Probability of Hy at t, knowing state at t-1

for a range of ranks

f

Poster #39 Mariam Saballal

.




4. Build a detection map

4. Detection map
Supervised binary classitication

Supervised exOplanet detection via Direct Imaging Noise Adaptative SODDIN (NA-SODINN)

with deep Neural Networks (SODINN) o
Add SNR curves to support the training process

8

Binary Classifier after a PCA subtraction

4 :-.‘-: 1. . —— Companion S/N curve

- J, . —— Noise S/N curve
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[Gomez Gonzalez et al., 2018] [Cantero Mitijans et al., 2023]




Characterization of the point-sources

Forward Modeling Negative Fake Companion
(inclusing assumption on noise distribution) injection (NEGFC) + minimization

4. Build a detection map

1. Estimate the star image 2. Subtract it to the 'mage 3. Combine all the imag=s




Forward Modeling of the planetary signal ~ ANDROMEDA

Mugnier et al., 2009
(&

J

BaSiC conce pt Also called “inverse problem” or "Match Filtering” approach

[Cantalloube et al., 20153

U

H,: model of the residuals EEEERES T
- — White, Gaussian .
™~ H.: model planet signature ‘
Image att, Image at t, Differential Subtraction of 2 off-axis PSF
iImage A
N | y
N
— Smallest time interval (t,-t,)
— Sufficient signal distance (6,-6,)
Maximum ||ke||hood estimation: Maximisation over:
, ® planet flux, a
_1|A(r k) —ap(r ko) ® planet position, ro
L(rg,a) < exp '
2 oA (7) 2 There is an analytical solution !




Forward Modeling of the planetary signal FMMF

" = tal., 2016
Better subtraction ? | Tdevoets

>

Ruffio et al., 2017

H,: model of the residuals EREEREEsES
- — White, Gaussian .
H,: model planet signature . -
: : PCA-ification of the PSF
Image at t, Linear Combination leferentlal
of first PCs image A
Maximum ||ke||hood estimation: Maximisation over:
, ® planet flux, a
L(ro,a)  exp 1| A(r k) —ap(r, ko) ® planet position, rg
2 oA (7) 2 There is an analytical solution !




Forward Modeling of the planetary signal ~ANDROMEDA

Better ditferential residuals model ?  Cantalloube et al., subm. in 2019 |
H,: model of the residuals
_ — White, Laplacian .
H,: model planet signature
Differential Subtraction of 2 off-axis PSF
I
Image at t, mage at t, image A
Maximum likelihood estimation: Maximisation over:
® planet flux, a
L(ro,a) & exp ( A(r, k) ;ap(r,k; 0) ) ® planet position, ro
A7) 1 There is no analytical solution




Forward Modeling of the planetary signal PAtch COvariance (PACO)
( Flasseur et al., 2018 j

Not even subtraction ?

H,: model planet signature h
off-axis PSF |

H,: model of the background f
Multivariate Gaussian - e

Data=a.h+f

Cb:(tT)

Maximum likelihood estimation
with multivariate Gaussian noise:

pf({flsbt] ,t}t=1=T) - I—IIN(qubt],t ) Mg CLGM) Empirical mean and covariance
t—

on temporal patches




Forward Modeling

Temporal Reference Analysis of Planets (TRAP)

Temporal PCA model of the starlight
+ Forward Modeling

anojyb odw diouud

Design matrix
f : ‘ %
|11
PCA systematics lightcurves
(+ constant offset)

Transit
signal

[Samland et al., 2021]

——  data recenstructed systematics

complete model = planct model fit

N

0

50 100 150 200 250
Frame  (time axis)



4 \

That’s a lot !

\_

1

Penguin interlude

Couack ?! )




ADI-based post-processing techniques
Ground-based, point-source detection

classical ADI [Marois et al., 2006] [ Golomb et al., 2020 ] LOCI [Lafreniére et al., 2007]
Template-LOCI, Marois et al., 2014
[ Dou et al., 2015 ] Adaptive-LOCI, Currie et al., 2012
Matched-LOCI, Wahhaj et al., 2015
[Mawet etal, 2014] Damped-LOCI, Pueyo et al., 2016

PCA-based DI [Soummer et al., 2012] [Amara & Quanz 2012]

-
smart-PCA, Absil et al., 2013 Dahlquist et al., 2020, 2021ab, 2022
LLGS, Gonzalez et al., 2016 [ Bottom et al., 2017 j -
NMF, Ren et al., 2018 (Thompson & Marois. 202 1] [ Gebhard et al., 2022
Slim-mask, Pairet PhD 2020

[Gomez Gonzalez et al., 5018)

[Stolker et al., pynpointj
[ Pueyo et al., 2016

[ Wang et al., pyKLIP ]

[ Christiaens et al., VIPJ

[Pairet et al., 201 9]
[ Ruffio et al., 2017 ] [Samland et al., 2021]

Mugnier et al., 2009 ]

[Bonse et al., 2024 j (Cantalloube et al., 2015 l

[ Daglayan Sevim et al., 2022 ] [Cantero—Mitijans et al., 2023] Flasseur et al., 2018

[ Le Coroller et al., 2015 ] [ Flasseur et al., 2019, 2020,2021, 2022, 2023, 2024 I




Exoplanet Imaging Data Challenge
a community-wide effort

Started in 2019 !
First phase launched in Sept. 2019

Workshop HCI post-processing, Berlin, Germany
First phase closed in Oct. 2020

Publication SPIE 2020
Second phase (characterization) launched Apr. 2022 fi\ - Iai-él
Third phase (disk imaging) for ~2025 . ' .
Fourth phase (high resolution spectroscopy) for ~2026

Keck/NIRC2 LBT/LMIRCam

https://exoplanet-imaging-challenge.github.io/



Exoplanet Imaging Data Challenge
Ressources

«<splanet Imaging Data Challenge PHASE#1 ¥ PHASE#Z ¥ OTHER CHALLENGES ¥

April 22,2022

Exoplanet imagin

Faustine Cantalloube; Valentin Christia

Exoplanet Imaging Data Challenge -
Phase 2 Planet characterisation ¢

e Eva IA I

n: Apr 25,2022 2.00:00 AM ¢
on: Jun 26, 2022 1:39:59 AM ¢

Data collector(s)

Jean-Baptiste Ruffio;

Project member(s)

Search or jump to... Pull requests Issues Marketplace

H exoplanet-imaging-challenge / phase2  Publi @ & Wate

(> Code () Issues I Pullrequests (*) Actions [T Projects [0 Wiki (O Security |~ Insights 3 Settings
Cantalloube et al., SPIE 2020

P 1branch © 0tags Go to file Add file - Code ~

0 - .
1 Dverview

Cantalloube et al., SPIE 2022

n Apr 27 @33 commits

Cantalloube et al., SPIE 2024



Post-processing techniques performance assessement
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SADI-based deteCtiOn Baseline N PCA.Padova ASDI ; N STIM hpf ADI | ANDROMEDA ADI

Ho ANDROMEDRA_ASDI [ FMMF_ASD} | PACO_ASDI

0.8 4
o
0 o5
z
-
&0.4- -

\.
\ .
L 1 Ranking F1l-score
\ — AUCrps = 0.541
\ —— AUC:pz = 0.213 FMMF 250 I -
N — -+ AUCepe = 0.044
Threshold l
* True positive rate: TPR = TP/(TP+FN) &TIM :—
1ADI

* False discovery rate: FDR = FP/(FP+TP)

. False positive rate: FPR = FP/(FP+TN) B“‘f"”‘-’! -

At the submitted threshold, we compute: PCAsSD { -

|

* Fi-score =2 TP /(2 TP+FP+FN) "

Cumulated Fl-score / instrument




SADI-based characterization: Data type

175
-5 175 - - Planet b: Blackbody -~ Planetb
150 — Planet c: HR879%¢ 1247 Planet c
150 - -
125 4 B 125 2 10 -
S c
=3 =
= 100 >
100 b 5 08
2075 £
75 % 050 ; 5 06
2
0.25 - 0 -
50
0.00 -
. ' 0 2 4 6 8 10 12 095 100 105 110 115 120 125 130
Alpm) Alum)
0 0 et °
D 25 s 7= 1o 125 350 17 Injected planetary companions spectra

X

Multispectral image cube

Estimates [+ uncertainties + posterior distribution]

® (spectro)-photometry

® Astrometry




1. Astrometry of point sources
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Contrast

2. Spectrophotometry of point sources
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Penguin interlude #2

Swimming
into algo




Circumstellar extended structures:
Protoplanetary disks and debris disks

s

Garuffi et al., 2017

5

Pk
Y
v -

' o)

‘.
’ b
-

Total intensity image in IR:
® Face-on circular disks

® Structures on edge-on disks

® Spiral structure

® Shadows, dips, gaps...
® Disentangling planets-disks

Towards EIDC Phase 3!



75°

Breaking down optimisation regions Mask the signal
enforcing positivity and sparcity Analyse the ADI-made distortion

Model Classical

KLIP NMF

Milli et al., 2012

Ren et al., 2020a
Pueyo et al., 2016

of A0 ey arcsec-?) Ren et al., 2018 Stapper & Ginsky, 2022

lterate the ADI subtraction
to minimize self-subtraction

Pairet et al., 2018

Classical PCA

Ilterative PCA




MAYONNAISE
Pairet et al., 2020

Morphological Component Analysis:

-Disk in shearlet space
-Planet in direct space

Planet ¢

Planet b

MUSTARD REXPACO

Juillard et al., 2023 Flasseur et al., 2021

Mask the ambiguous region PACO framework to estimate noise

due to rotation (not known) lterates on the disk estimation

Planet ¢

Planet b Planet Planet b




To go further!
Building the reference PSF

multi-Reference RDI: Observing strategies for RDI:
Using a library of images as a database Using another reference star

Using Data Imputation with NMF - SiCRCElmgdeie Snapshot of similar targets |INEISlIR=IRCINPAALE

Star-hopping observations EAEIIEIRCIEINPA Y

Using Structure Similarity Index BESIERERCSEINPAONE

ConStruct (Auto-encoders based) Wolf et al., 2023

Data Imputation

with semi-supervised CNN

Juillard et al., 2024
IPCA: Combine ADI + RDI




To go further!!
Building the reterence PSF

OPD map Stellar PSF Targetimage
estimate

SRS
¢ -y
Differentiable
o —> coronagraph —
model| -
Perturbation estimate >
N

measurement

1

Gradient descent

Estimation with an instrumental model poster #18 Rodrigo Ferrer-Chaves




Dg:oi 1

® Preprocessing tools

® Preprocessing tools ® Post-processing algo + detection maps

KLIP, mRDI + planetevidence (multinest) w/ pre-configuration files SPHERE, NaCo

® |ibrary of post-processing algo
PCA, LOCI, ANDROMEDA, PACO ® Ready-made configuration

GPI, CHARIS, SPHERE, NIRCZ2, VisAO

® Post-processing algo
PCA mainly, in-house PACO...

® Characterization tools e Characterization tools

NEGFC, MCMC... ® Characterization FM (disk incl.) NEGFC. MCMC...
Library of algorithms ! Complete toolbox FM-based Large data sample management !
https://vip.readthedocs.io https://pyklip.readthedocs.io https://pynpoint.readthedocs.io

And also, CHARIS, GRAPHICS, SPHERE-DC, Data Cruncher etc.
You can use all these beautiful tools !


https://pyklip.readthedocs.io/en/latest/
https://pyklip.readthedocs.io/en/latest/
https://vip.readthedocs.io/en/latest/
https://vip.readthedocs.io/en/latest/
https://pynpoint.readthedocs.io/en/latest/
https://pynpoint.readthedocs.io/en/latest/

Summary of key points:
post-processing is essential to gain > Tmag

® Understanding the limitations of HCI: temporal stability is key

® Relies on specific observing strategies and calibration

® Characterising the starlight residuals and differential residuals distribution

e All algorithm provide different outputs requiring ditferent interpretation

® Assessing the performance is not obvious at all

® Data challenges are a great tool for homogeneous comparison

Advanced post-processing techniques are available and documented !

Use several concept to achieve better astrophysical input

faustine.cantalloube@cnrs.fr
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