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The 21-cm signal will probe the intergalactic medium
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Evolution of the signal is driven by early luminous sources
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Ionized regions are imprinted onto the 21-cm signal
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How do we study ionized regions in SKA images?

Data per Galaxies Scientists
night/day

1 TeraB  ~300 Million ~$70M

(all observed)
40 GigaB  ~35 Million ~$70M ~600
(12M observed)
Rubin-LSST 15 TeraB ~Billions ~$1.0B ~1000
Euclid 850 GigaB  ~Billions ~$1.5B ~1500 .
Big Data!
SKA 1 PetaB  ~Billions ~$1.3B ~1000 ]

(Lahav 2023)

Kilometre Array
(SKA-Low)




Methods to automatically identify meaningful features

Data per Galaxies Scientists
night/day

1 TeraB ~300 Million

~$70M

(all observed)
40 GigaB  ~35Million ~ ~$70M ~600 :
o e e Superpixel method
Image processing (Giri+2018b)
Rubin-LSST 15 TeraB  ~Billions ~$1.0B ~1000
e SegU-Net
Euclid 850 GigaB  ~Billions ~$1.5B ~1500 , : ..
¢ Deep learning (Bianco, Giri+2021;,2024)

SKA 1PetaB  ~Billions ~$1.3B ~1000 ]

(Lahav 2023)

Low frequency
B component of Square
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SegU-Net: deep learning segmentation model
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SegU-Net identifying ionized regions
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Estimate the mean neutral fraction
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Estimate number of galaxies inside ionized regions
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21-cm signal contaminated with Foreground
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° SKASDC3 Overview Challenges v  HPCPartners v  Registration v  Reproducibility Badges Forum  FAQs

Science Data Challenge 3

Foregrounds

Scoring Our 'Foregrounds' challenge asks participants to remove obscuring sources of emission which prevent analysis
of the underlying hydrogen-21cm signal from the Epoch of Reionisation. This foreground emission stems from
both Galactic and extragalactic sources, both of which have previously observed, and unobserved components.

Given the lack of a model for the finer structure of Galactic emission at SKA-LOW frequencies, the removal of
Galactic emission from the dataset represents a significant challenge. By similar reasoning, source confusion
from previously unknown extragalactic sources, especially at the coarser resolution at metre-wavelengths,
complicates the matter further.

Leaderboard

Rules
From our synthetic datasets, participants are asked to extract the cylindrically-averaged power spectrum of

the EoR signal, clean from foregrounds contamination.
Data

To assess resulting submissions, our scoring (‘figure-of-merit') algorithms will take resulting cylindrical power
spectra, and return a score. Ancillary analytical data products can be assessed, however, the cylindrical power
spectra results will be the only ones that affect the 'leaderboard'. Given that this challenge runs over 6 months,
we expect this to be an iterative process and encourage competing teams to make full use of the computing
facilities assigned to them. 13

Test Data



° SKASDC3 Overview Challenges v  HPCPartners v  Registration v  Reproducibility Badges  Forum

Science Data Challenge 3
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the EoR signal, clean from foregrounds contamination.
Data

To assess resulting submissions, our scoring (‘figure-of-merit') algorithms will take resulting cylindrical power
spectra, and return a score. Ancillary analytical data products can be assessed, however, the cylindrical power
spectra results will be the only ones that affect the 'leaderboard'. Given that this challenge runs over 6 months,
we expect this to be an iterative process and encourage competing teams to make full use of the computing
facilities assigned to them. 14

Test Data



SERENet foreground mitigation pipeline
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SERENet: Pre-processing with PCA
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SERENet framework
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SERENet recovering the 21-cm image
Xy = 0.3 z=7.689 R? =839 %
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SERENet: binary maps of ionized regions as prior
Xy =03 z=7.689
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SERENet recovering the 21-cm image with prior

X =03 z=17.689 R% = 96.9 %
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No prior vs Perfect prior
R? =83.9 %
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SERENet: realistic prior with SegU-Net
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SERENet recovering the 21-cm image with prior

R? = 89.0 % R? = 96.9 %
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R2-score of the entire testing set
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SERENet recovering the 21-cm power spectrum
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Summary

Data science methods will maximise the scientific outcomes of the huge amount of

data that SKA will produce
SegU-Net: deep learning-based framework to probe ionization state of the

intergalactic medium
SERENet: deep learning-based to mitigate foreground contamination in the 21-cm

signal during the epoch of reionization
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