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Bernard Lyon 1, Institut National des Sciences de l’Univers, Centre National de la Recherche

Scientifique, Institut national des sciences de lÚnivers – France
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Abstract

In previous works, we have developed the PACO algorithm (1, 2, 3) dedicated to the
post-processing of A(S)DI observations for exoplanet detection and characterization by di-
rect imaging at high contrast. PACO captures locally the spatial correlations of the nuisance
component (i.e., speckles plus other sources of noise) with a multi-variate scaled mixture of
Gaussian models. It delivers reliable detection confidences with an improved sensitivity with
respect to the classical processing methods of the field (e.g., cADI, PCA, TLOCI). However,
it remains room for improvement, especially at short angular separations.
I will present the ”deep PACO” algorithm (4, 5, 6) that combines the statistics-based model
of PACO with a deep learning model in a three steps algorithm. First, the data are centered
and whitened locally using the PACO framework to improve the stationarity and the contrast
in a pre-processing step. Second, a convolutional neural network is trained from scratch, in
a supervised fashion, to detect the signature of synthetic sources in the pre-processed science
data. Finally, the trained network is applied to the pre-processed observations and deliv-
ers a detection map. Photometry of detected sources is estimated by a second deep neural
network. Both models are trained from scratch with custom data augmentation strategy
allowing to generate large training sets from a spatio(-spectro)-temporal dataset.
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As a proof of concept, we applied our method on tens of datasets from VLT/SPHERE (both
IRDIS and IFS instruments). We compared the proposed method against state-of-the-art
algorithms of the field, including PACO. With ADI, the proposed method leads to a typical
improvement by half a magnitude in terms of contrast with respect to the best comparative
algorithm. The ultimate detection sensitivity driven by the fundamental photon noise limit
can also be reached far from the star on some datasets. A joint processing of spatio-temporo-
spectral observations obtained with ASDI allows to further improve the detection sensitivity.

The future thirty meters class telescopes will enable exploring much deeper the inner environ-
ment of nearby solar-type stars than existing facilities. This goal raises three challenges from
a data science point of view: (i) approaching the ultimate performance of the instruments
by an optimal extraction of the signals of the sought objects, (ii) capturing a highly spatially
structured nuisance component subject to strong temporal fluctuations, and (iii) building a
model of the nuisance component from several datasets to bypass the limits of ADI at very
short angular separations. Concerning points (i) and (ii), data-driven approaches combining
statistical modeling with deep learning would be highly valuable to model the complexity
of such observations. We are considering to adapt and to apply our method on simulated
ELT high-contrast data (e.g., from ELT/HARMONI) as a future work. Concerning point
(iii), I will discuss some methodological developments we have started in that direction. The
methodology we are targeting differs from RDI in the sense that a highly non-linear model
will be learned from the observations and will exploit several prior domain knowledge.
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