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Deep Learning for Direct Exoplanet Imaging

A NEEDLE IN A HAYSTACK

Keck Ks—band [20s integration

coronagraphy image processing



Deep Learning for Direct Exoplanet Imaging Soummer et al 2012; Amara & Quanz 2012

ANGULAR DIFFERENTIAL IMAGING (USING PCA)

TIME

mean/median

combination

| - .

low-rank PSF
approximation subtraction derotation




Deep Learning for Direct Exoplanet Imaging Marois et al. 2006

ANGULAR DIFFERENTIAL IMAGING AT WORK

Raw data

* PSF subtraction

Keck Ks—band |20s integration ADl—processed 20s integration Combined ADI

* Derotation + combination

Total integration time {s) = 20




Deep Learning for Direct Exoplanet Imaging Mawet et al. 2014; Gomez Gonzalez et al. 2017

CLAIMING DETECTIONS IN THE FINAL IMAGE

X1 — X2 (two-sample

» S/N computed in concentric annuli, S/N =
for each resolution element (resel) $H \/1 1 t-test)

» Standard threshold = 5c

» Major caveats
- noise generally not Gaussian

- small sample statistics

» Behavior of S/N vs PCA rank can
help identifying true signal

speckle




Deep Learning for Direct Exoplanet Imaging Gomez Gonzalez et al. 2018

TOWARDS A SUPERVISED CLASSIFIER

» No labeled HCI data sets —> need to rely on fake planet
injections (following ADI trajectories)

Raw data

Non-coronagraphic PSF
is pretty well known




Deep Learning for Direct Exoplanet Imaging Gomez Gonzalez et al. 2018

TOWARDS A SUPERVISED CLASSIFIER

» Raw data too noisy, but final
image not enough for training T —

- divide final image into small
patches

» Planets and speckles look alike |
k SVD k residuals,
. low-rank back to
- use behavior vs PCA rank as approximation image
levels Space

- data augmentation mandatory

discriminative feature

-> - -
Mult.| Iev.el Low .rank IE E . MLAR samples

Approximation Residual (MLAR)

: Labels



Deep Learning for Direct Exoplanet Imaging Gomez Gonzalez et al. 2018

LABELED DATA SET

C_

Labels: §j € {c7,c™}
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Deep Learning for Direct Exoplanet Imaging Gomez Gonzalez et al. 2018

BUILDING A DISCRIMINATIVE MODEL: SODINN

» Training a classifier f: X — )

X and VY to train/test/validation sets

» Goal: make predictions on unseen +
" 4 " Convolutional LSTM layer )
sam ples Un =p(c™ | MLAR sample) _ kernel=(3x3), filters=40 |
i 3d Ma>; pooliglg k
. L Size=(2x2x2 )
» SODINN network architecture > . <
Convolutional LSTM layer
based on: . kernel=(2x2), filters=80

3d Max pooling
Size=(2x2x2)

J
\

N

- convolutional neural network (CNN),
Dense layer

leveraging image structure units=128 )
RelLU activation + dropout ]

- long-short term memory (LSTM),

Output dense layer J
leveraging behavior vs PCA rank

units=1

Y SYaRY4

Sigmoid activation ]




Deep Learning for Direct Exoplanet Imaging

INTERLUDE #1: THE HYPE CURVE

Peak of inflated
expectations

Plateau of
productivity

Expectations

Trough of

Innovation disillusionment
trigger

2016 Time



Deep Learning for Direct Exoplanet Imaging

SODINN AT WORK

Input cube

Lo

MLAR patches

Trained classifier

Probability of
positive class

Binary map

probability
threshold = 0.9

LBTI/LMIRCam
data on well-known
HR8799 system

SODINN

Probability map

Un =p(c’ | MLAR sample)

1.0

- 0.8

Gomez Gonzalez et al. 2018

0.90
0.75
0.60
0.45

0.30

0.15

0.00

-0.15

SODINN

Binary map

(after thresholding)



Deep Learning for Direct Exoplanet Imaging

Gomez Gonzalez et al. 2018

EVALUATION IN RECEIVER-OPERATING CHARACTERISTIC SPACE

» Not your standard ROC
space

need to work at low FPR,
don't want to see whole

ROC space!

interested in total number
of FPs inside whole field
of view

» SODINN seems to be
playing in a different
league

TPR
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Deep Learning for Direct Exoplanet Imaging

INTERLUDE #2: THE HYPE CURVE

Peak of inflated
expectations

Plateau of
productivity

Expectations

Trough of

Innovation disillusionment
trigger

2016 2018 Time



Deep Learning for Direct Exoplanet Imaging Cantalloube et al. 2020

THE EXOPLANET IMAGING DATA CHALLENGE

» Community effort to evaluate / compare HCI algorithms

- challenge: exoplanet detection in various HCI data sets

» SODINN ranks poorly due to high FPR in some data sets

Ranking AUC FDR

rRsM {1 low FPR
SLIMask{ | | | SO DI N N LSTM
TRAP ' . 0.8
PCAfuiiframe
ANDROMEDA 0.6
FMMF
LOCI 0.4
STIMtyiiframe | | | |
SODINN 0.2
PACO
SODIRF high FPR 0.0
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Cummulated AUC (FDR) / Instrument One example where SODINN « failed »



Deep Learning for Direct Exoplanet Imaging

INTERLUDE #3: THE HYPE CURVE

Peak of inflated
expectations

Plateau of
productivity

Expectations

Trough of

Innovation .. N
disillusionment

trigger

2016 2018 2020 Time



Deep Learning for Direct Exoplanet Imaging

USING LESSONS LEARNED FROM DATA CHALLENGE

» Working locally seems Speckle noise
U Sefu I - Background noise

» New concept: noise-
adapted SODINN

Cantero et al (subm.)

- split the field of view to
produce more uniform
noise regimes

- train SODINN separately
on each noise regime




Cantero et al (subm.)

Deep Learning for Direct Exoplanet Imaging

HOW TO DEFINE NOISE REGIMES?
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Deep Learning for Direct Exoplanet Imaging

HOW TO DEFINE NOISE REGIMES?

» Normality tests

various tests can be
combined to provide more
robust p-value

high p-value does not mean
that the distribution is normal

» Also highlights how the
optimal PCA rank changes
as a function of distance

principa

=

| component
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2

=
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Cantero et al (subm.)
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Deep Learning for Direct Exoplanet Imaging Cantero et al (subm.)

ADDING MORE NOISE-RELATED HANDCRAFTED FEATURES

» MLAR patches catch 8

signal evolution wrt
PCA rank, but not dl
S/N evolution

—e— Companion SNR curve
Noise SNR curve

e N R

. . " 2 N4 O
NELT S
e \ e 3 *

» S/N curve vs PCA %
rank can be used as
additional feature in .
training

1 5 9 13 17 21 25 29 33 37 41 45 49
Principal component



Deep Learning for Direct Exoplanet Imaging

NA-SODINN MODEL

l. Generate training sets

[ADI sequence]

PSF subtraction: Annular-PCA

|

ube of processed frames
(2 regimes)

[C

Noise regimes: PCA-pmap

(

+

N
Speckle regime
training set
MLAR + SNR curves))

(

Speckle regime
inference set

MLAR + SNR curves)J

Background regime
training set
(MLAR + SNR curves)

Background regime

inference set
(MLAR + SNR curves)

ok
ol

Il. Train models

Principal component

1st Conv-LSTM Block
/7"~ _2nd Conv-LSTM Block

-- SNR=0

Cantero et al (subm.)

lll. Probability map

| \/’77?] ‘ ’ ,8\
S LA o,
Oy P(C+)
! e—o
o5
- -5
- \ units=128
filters=80, 1
filters=40, kernel size=(2,2) :
' kernel size=(3,3) strides=(1,1) 1
X strides=(1,1) act.=tanh !
1 act.=tanh pool?ng siz.e=(2,2.,2) . \
! pooling size=(2,2,2) pooling strides=(2,2.2), Background Speckle
1 pooling strides=(2,2,2) 1 . .
; : iz a e Nnlele 51 | trained model
; I
1 1
1 1

Principal component

———1 Convolutional LSTM —e |Input
Spatial Dropout 3D —o0 Output

1 Maxpooling 3D —>» Chart flow

ooco Dense + RelLU + Dropout  —  piation

e Dense
Flatten

output

@ C+ class (injection)
@ C- class (no injection)

Data augmentation

- 10

~ 0.8

| P(C+)-



SOD'NNLSTM

Ranking AUC TPR

Cantero et al (subm.)

- 10

- 0.8

Ranking AUC FDR

[
NA-SODINN {7 R B RsM ]
FMMF NA-SODINN [
SLIMask | [ | SLIMask{__| [ |
RSM | | | TRAP [
raco PCAwiiframe e
LOCI [ T ANDROMEDA
TRAP [ IEMMF=
STIMtuiiframe [ ] | LocH T
ANDROMEDA [ STIMyyiframe | [ |
SODIRF [ T soDINN [
PCAuiiframe e raco NI
soDINN T SoDIRF [
0.0 0.5 1.0 1.5 2.0 2.5 3.0 0.0 0.5 1.0 1.5 2.0 2.5

Cummulated AUC (TPR) / Instrument

Cummulated AUC (FDR) / Instrument

3.0



Deep Learning for Direct Exoplanet Imaging

CONCLUSION: THE HYPE CURVE SPECAL THAKS T

CARLOS GOMEZ GONZALEZ
CARLES CANTERO

Peak of inflated MARC VAN DROOGENBROECK
expectations FAUSTINE CANTALLOUBE

Plateau of
productivity

Stay tuned for applications...

Expectations

Trough of

Innovation disillusionment
trigger

2016 2018 2020 2022 Time



