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SKAO data processing stages
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Facility Frequency Range Typical FoV Max Baseline Angular Resolution MaxBandwidth SpectralResolution N Elements
MWA 80–300 MHz hundredsdeg² ~5.5 km ~2 arcmin 30 MHz 10–40 kHz 128 tiles
LOFAR 10–250 MHz 10–100 deg² ~100 km (Dutch)~2000 km (VLBI) few arcsec (Dutch)sub-arcsec (VLBI) 80 MHz sub-kHz 38 stations (Dutch)+14 international

SKA-LOW(AA4) 50–350 MHz 10–100 deg² 65 km few arcsec 300 MHz sub-kHz 512 stations
ASKAP 700–1800 MHz ~30 deg² 6 km ~10–30 arcsec 288 MHz ~10 kHz 36 dishes

MeerKAT 580 MHz–3.5GHz ~1 deg²@1.4 GHz 8 km ~5–10 arcsec 856 MHz kHz 64 dishes
SKA-MID(AA4) 350 MHz–15.4GHz ~1 deg² @1GHz 150 km sub-arcsec several GHz Hz–kHz 197 dishes

SKA: deeper, wider, finer
The SKA simultaneously increases sensitivity, field of view, angular resolution, and
spectral resolution, driving unprecedented data volumes and processing complexity.



The SKA Data Challenges
“The purpose of SDCs is to prepare the astronomical community, and
SKAO itself, for the novel, yet challenging, nature of SKA data”

Primary goals: Familiarise the science community with
size and complexity of SKA data Support the design of future SKA
observations Drive the development of data analysis
techniques

SDC1 2019
Continuum Source Finding

SDC2 2020 - 2021
HI 21cm Source Finding

SDC3a 2022 - 2023
Epoch of Reionization Foreground Removal

SDC3b 2024 - 2025
Epoch of Reionization Parameter Inference

SDC4 2026 –
Cosmic Magnetism
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The SKA Science Data Challenges mobilised a global network of HPC centres
and research teams, helping validate early SRCNet operational concepts.

A global distributed-computing effort



SDC1 – Continuum Source Finding

The Challenge

1. Find all radio sources in the image (RA, Dec position)
2. Characterise each source: flux, size, PA
3. Classify sources: AGNs, SFGs

The Dataset

9
FITS images

(3 freq × 3 depths)

4 GB
per image

(32,768² pixels)

~36 GB
total dataset

size

• Frequencies: 560 MHz, 1.4 GHz, 9.2 GHz (SKA-MID Bands 1, 2, 5)
• Integration depths: 8 h, 100 h, 1000 h
• Field centred at RA=0°, Dec=−30° | pixel size 0.6″
• Training set: truth catalogue for 5% of the field (~34,000 sources)

Bonaldi et al. 2021 (MNRAS)
Simulated 512² sub-field · 560 MHz · 1000 h integration

“Given simulated SKA-MID images at three frequencies, detect all radio
sources and measure their flux, morphology and position”



SDC1 – Minerva team

Cornu et al. 2024 (A&A)

ML for Radioastronomy at Observatoire de Paris

The team: D. Cornu, B. Semelin, P. Salomé, X. Lu, S.
Aicardi, J. Freundlich, F. Mertens, A. Marchal, G. Sainton,
F. Combes, C. Tasse

The method: YOLO-CIANNA
YOLO adapted to radio astronomy: predicts source positions
and parameters directly from the image, in one pass

The deep learning engine: CIANNA
A custom high-performance C/CUDA deep learning
framework developed by D. Cornu, optimised for large
astronomical datasets

Minerva result: Challenge best score x2.4 60% more detected sources Best characterization accuracy Prediction time: 8 sec (full image)

256² sub-field showing the distribution of sources and predictions



SDC1 – Participating teams & methods
Classical source finders dominated the top rankings, but the post-challenge MINERVA result
demonstrated that deep learning can significantly outperform them.

Team Institute / Country Main Method(s) Method Family Performance
Shanghai Shanghai AstronomicalObservatory, China AEGEAN + SExtractor + DUCHAMP Classical source finder ★★★★

ARCIt-CACAO INAF, Italy Custom Python pipeline Classical image processing ★★★★

EngageSKA Portugal Instituto deTelecomunicações,Portugal ProFound (R) + TOPCAT cross-match Classical source finder ★★★★

ICRAR ICRAR / UWA, Australia ClaRAN v0.2 (Faster R-CNN / ResNet-50 + FPN) Deep learning ★★★

hs Hamburger Sternwarte,Germany CNN Deep learning ★★

JLRAT NAOC / CAS, China DnCNN denoising + Feature Pyramid Network Deep learning ★

IPM (IPM1 & IPM2) IPM, Iran SExtractor / Custom Python pipeline Classical ★
MINERVA(post-challenge) Paris Observatory,France YOLO-CIANNA (YOLO deep learning) Deep learning ★★★★★

Bonaldi et al. 2021 (MNRAS), Cornu et al. 2024 (A&A)



SDC2 – HI 21cm Source Finding

The Challenge

1. Find all radio sources in the image (RA, Dec position)
2. Characterise each source: flux, size, PA, line witdh, ...
3. Score based on reliability, completeness, and accuracy

The Dataset

~1 TB
3D cube

(5851×5851×6668 px)

2000 h
Integration time

233,245
HI sources

• Frequency range: 950–1150 MHz (30 kHz resolution)
• Sky area: 4.55 x 4.55 degrees | SKA-MID Band 2 simulation
• 233,245 HI sources in the full truth catalogue
• Training labels: sub-cube of 40 GB (1 sq deg, ~1600 sources)

Hartley et al. 2023 (MNRAS)

Simulated 3D HI spectral-line cube
zoom: individual galaxy sub-cubes

“Given a simulated 1 TB SKA-MID HI spectral-line cube, detect all neutral hydrogen
sources and characterise their position, flux, size, line width, and inclination”



SDC2 – Minerva team

Cornu et al. 2025 (A&A)

The team: D. Cornu, B. Semelin, P. Salomé, X. Lu, S.
Aicardi, J. Freundlich, F. Mertens, A. Marchal, G. Sainton,
F. Combes, C. Tasse

CIANNA-YOLO parameters Generalized to 3D detection 23 layers ~ 4 Million parameters Predict 6 additional source parameters

Minerva result: Won the challenge ! 95% reliability Prediction time: 30 min (for 1TB !!)

Source detection examples: 40×40×120 cutouts centred on a sourceSignal averaged over projected axis



SDC2 – Participating teams & methods
MINERVA won SDC2 outright with YOLO-CIANNA, achieving the highest score, accuracy, and
reliability. Deep learning methods dominated the top two places.

Hartley et al. 2023 (MNRAS), Cornu et al. 2025 (A&A)

Team Institute / Country Main Method(s) Method Family Performance
MINERVA Observatoire de Paris /LERMA, France YOLO-CIANNA (3D YOLO CNN) + CHADHOC Deep learning ★★★★★

FORSKA-Sweden Fraunhofer-Chalmers /Chalmers, Sweden 3D U-Net (ResNet encoder) + SoFiA post-processing Deep learning ★★★★★

Team SoFiA ASTRON / UWA / UQ /Chalmers, multi-nat. SoFiA-2 Classical ★★★★

NAOC-Tianlai NAOC / CAS, China SoFiA-2 + MCMC/grid-search parameter optimisation Classical ★★★★

HI-FRIENDS IAA-CSIC, Spain SoFiA-2 + HI size–mass filtering (FAIR) Classical ★★★★

EPFL EPFL, Switzerland 3D wavelet + classifier CNN Hybrid ★★★

Spardha IIT Kharagpur / IUCAA, India SoFiA-2 Classical ★★★

Starmech Univ. of Hertfordshire /Cambridge, UK SoFiA-2 + TOPCAT deduplication Classical ★★

JLRAT NAOC / CAS, China CNN on 1D spectra + Gaussian fitting on moment-0 map Deep learning ★★



SDC3a – EoR Foreground Removal

The Challenge

1. Separate the 21-cm signal from foregrounds
2. Recover cylindrical 2D power spectra at 6 redshifts
3. Provide reliable error bars

The Dataset

7.5 TB
Visibility cube

1000 h
Integration time

6 redshifts
To recover

• Frequency range: 106–196 MHz (100 kHz resolution)
• FoV: 8×8 deg | 512 stations | EoR signal from 21cmFAST (z = 6.5–11.5)
• Sky: Galactic + 15M extragalactic sources + ionospheric + gain errors
• No training set

Bonaldi et al. 2021 (MNRAS)

“Given realistic SKA-Low simulated data, recover the EoR 21-cm power
spectrum cleaned from foreground contamination”

Cosmic Dawn
Epoch of

Reionization
z ~ 25 - 6Big Bang

13.8 billion
years ago

Present time

Foregrounds emission
3-4 orders of magnitude brighter



SDC3a – DOTSS-21 team

Mertens et al. 2018, 2024 (MNRAS)

The team: F. Mertens, K. Chege, A. Offringa, B. Gehlot, S.
Munshi, S. Ghosh, A. Acharya, B. Semelin, L. Koopmans, E. Allys,
+10

The method: ML-GPR Non-parametric signal separation with Gaussian processes
 Exploiting spectral differences between signal and foregrounds
 21-cm signature learned from simulations (VAE)

The processing pipeline:
Based on NenuFAR Cosmic Dawn and LOFAR EoR pipeline

DOTSS-21 result: Best score overall ! Excellent reconstruction for 4/6 redshifts

DOTSS-21 recovered power-spectra vs truth



SDC3a – Participating teams & methods
DOTSS-21 won the challenge with the ML-GPR method (Mertens et al. 2018, 2024); deep
learning methods, while promising, remain outperformed for the foreground removal task

Bonaldi et al. 2025 (MNRAS)

Team Institute / Country Main Method(s) Method Family Performance
DOTSS-21 Obs. de Paris, Kapteyn /ASTRON; FR + NL WSClean + PyBDSF + ML-GPR foreground removal Classical + ML-GPR ★★★★★

HIMALAYA Sun Yat-sen University, China Reconvolution preprocessing + PCA foreground removal +transfer function correction Classical (PCA) ★★★★

Shuimu-Tianlai NAOC / Tsinghua, China O-SVD tensor decomposition Classical (O-SVD) ★★★

ERWA Shanghai AstronomicalObservatory, China U-Net deconvolution + polynomial foreground removal Hybrid (DL + poly) ★★★

Wizards of Oz 3D Curtin University /MWA EoR group, Australia mwa_hyperdrive calibration + source subtraction; CHIPS PS Classical (MWApipeline) ★★★

Akashganga SKA-India consortium, India WSClean subtraction + GPR + transfer function Classical + GPR ★★

SKACHE EPFL / ZHAW / Univ. Geneva,Switzerland + Sweden OSKAR + PyBDSF; polynomial FG removal; RecU-Net 3D CNN Hybrid (classical +3D U-Net) ★★

Hausos Xidian / CEA Saclay / SHAO,China + France SETR transformer x+ CNN (6 networks per frequency bin)trained on EoR simulations Deep learning(SETR) ★★



SDC3b – EoR Parameter Inference

The Challenge
1. Recover the posterior distribution of the HI neutral
fraction given observed 2D power spectra at 4 redshifts
2. Quantify the uncertainty: accuracy of the posterior shape
is as important as the central value

The Dataset

~ 80 kB
Input dataset

100 h
Integration time

3 redshifts
Input PS

• Inputs: 21cm power spectra at 3 redshift bins (z ~ 6 – 8)
• 2 sets of simulations generated: with the 21cmFAST & pyC2Ray code
• No training set

Bonaldi et al. (in prep.)

"Given simulated SKA-Low 21cm power spectra at multiple redshifts, infer
the astrophysical parameters of reionisation"


