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Context - SKA Observatory

SKA-low, mapping the structure of the early Universe

● 512 stations across Western Australia (419,000 m2)
● Frequency range of 50 MHz - 350 MHz
● Science ready data flow of 700 PB/year
● First science ready data ~ 2029 (2027 for science verification)

LOFAR (LoTSS)

ASKAP (RACS)

MeerKAT (MIGHTEE)

in prep…
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Aim - Detection pipeline for radio continuum, a computer vision challenge
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LoTSS DR3, Shimwell et al. 2026

SCIENCE !

● AGN physics
● Star Formation
● Cosmology
● Large-scale structures
● …

OBSERVATIONAL DATA
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Aim - Detection pipeline for radio continuum, a computer vision challenge

➔ Developing a Machine Learning-based fast-processing detection pipeline for 2D radio continuum data on 
precursor instruments to SKA (here LOFAR) in order to build robust catalogs for non-biased science.
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LoTSS DR3, Shimwell et al. 2026

SCIENCE !

● AGN physics
● Star Formation
● Cosmology
● Large-scale structures
● …

Source 
catalog

__________
__________
__________
__________
__________
__________

Classical automatic methods Regression based methods

Challenges :

- Complex morphologies
- Artifacts
- Low SNR sources
- Expensive computing

OBSERVATIONAL DATA
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Approach - Convolutional Neural Networks (CNN) trained on simulations

Data simulation
products : mock data + targets

YOLO-CIANNA
Regression based detector

supervised training…

Inference on real data 
(direct/indirect)

Mock dataset must :

● be complete : contains all observational features (objects, instrumental effects, distributions…)

● have pure target catalog : training catalog should be as close as possible to detection 
expectancy
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Simulations - Overview of the full pipeline

Interferometer layout
LOFAR High Band Antenna layout

Sky Model
Taken from the SKA Data

Challenge 3a (Bonaldi et al. 2025),
generated from T-RECS (Bonaldi

et al. 2018)

Ionospheric screen
Generated from a Kolmogorov

turbulent cascade power 
spectrum

wind + internal motion
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Simulations - Overview of the full pipeline

OSKAR
(Oxford SKA simulator, Dulwich et al. 2009)

Astronomical radio interferometer
simulator that produces the
instrumental response with a
given interferometer layout,

ionospheric screen & sky model

Interferometer layout
LOFAR High Band Antenna layout

Sky Model
Taken from the SKA Data

Challenge 3a (Bonaldi et al. 2025),
generated from T-RECS (Bonaldi

et al. 2018)

Final product

Ionospheric screen
Generated from a Kolmogorov

turbulent cascade power 
spectrum

wind + internal motion

Dirty image

Partial product
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WSClean
(W-Stacking Clean, Offringa et al. 2014)

Produce dirty image from 
visibilities 

Removes artifacts/PSF with 
multi-scale model cleaning 
& occasional dirty residual 

re-computation
(Coton-Schwab alg.)

SKAO PSF
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Simulations - Overview of the full pipeline

OSKAR
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instrumental response with a
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ionospheric screen & sky model

Interferometer layout
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Taken from the SKA Data
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et al. 2018)

Final product

Ionospheric screen
Generated from a Kolmogorov

turbulent cascade power 
spectrum

wind + internal motion

WSClean
(W-Stacking Clean, Offringa et al. 2014)

Produce dirty image from 
visibilities 

Removes artifacts/PSF with 
multi-scale model cleaning 
& occasional dirty residual 

re-computation
(Coton-Schwab alg.)

Resolved AGNs
Mask extraction 

from the data based 
on local maxima 

analysis

Resolved galaxies
Simulation of the 

resolved galaxies using 
the Galsim package 

with Sersic profile and 
random inclination, 

orientation...

Thermal noise
Extracted from the data 

through power 
spectrum computation 
and regenerated with 

random re-sampling of 
the Fourier space

Dirty image

Final product

Used along with its associated source 
catalog (sky model) for network training

DATA
Here LOFAR data
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SKAO PSF
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Simulations - Final product
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Deep-learning detector - YOLO/CIANNA framework
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SKA Data Challenges 1 & 2

Method reaching the highest score on both SDC 1 & 2 data !
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Deep-learning detector - YOLO/CIANNA framework

Input
2D/3D

Hidden layers

n1 convolution 
kernels 3D n2 convolution 

kernels 3D + 
striding

n
1 im

ages

n
2 im

ages

Convolutional Neural Network structure

YOLO detection grid
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Deep-learning detector - YOLO/CIANNA framework

Input
2D/3D

Hidden layers

n1 convolution 
kernels 3D n2 convolution 

kernels 3D + 
striding

n
1 im

ages

n
2 im

ages

Convolutional Neural Network structure

YOLO detection grid

multiple detection 
units per grid cell

p1, p2…
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Deep-learning detector - Training
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Normalization to 
compress the 

dynamics 
information in a 
narrower range

Selection/filtering function of 
training targets based on 

integrated flux and filtering 
(NMS, artifacts cleaning)

Pre-process
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Pre-process Post-process

1. Threshold on detection score

2. Non-max suppression

3. Artifacts filtering

Training of the 
YOLO-CIANNA model…
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Inference - Test inference on a LoTSS field

Selected field : 8h pointing from the region of the HETDEX Spring field - P18Hetdex03
~3.2°x3.2° wide field at a resolution of 6”
Noise RMS at 83 µJy/beam

Inference time per mosaic : ~ 5s

Difficult cases

1’

A. Zarka - 22/06/2026

DR3 coverage
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Inference - Test inference on a LoTSS field
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Comparison with the Shimwell+2022 raw radio 
component catalog of LoTSS-DR2

● Catalog computed using PyBDSF (Mohan & 
Rafferty 2015)

● Refined through source association & 
deblending, and cross-identification with 
optical/infrared

➔ YOLO shows ~60% precision at a recall of 87%

BUT ~1.5 times more sources detected

➔ 63% of IR counterpart among new 
candidates (allWISE)
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Summary
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● Simulation pipeline development for supervised training

● Applying the YOLO-CIANNA method optimized for source detection

● Robust pipeline for source detection that matches state of the art performances on real-world data

● Higher performances in the management of “hard detections” (low SNR sources, artifacts management, various 
source morphologies…)

● New candidates + cross-identification with IR survey.

● Alternative self-supervised methods could be used to refine model during training
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Appendix
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Inference - Test inference on a LoTSS field, mAP-curve

A. Zarka - 22/06/2026

AP-score = 0.82
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Inference - Astrometric precision & new candidates purity
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Inference - Astrometric precision & new candidates purity
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SKA Data Challenges

Precursor SKA data challenges :

SDC1 : 2D continuum data

=> Detect and characterize radio 
sources
Best score a posteriori
Cornu+24

SDC2 : 3D hyper-spectral HI data

=> Detect and characterize radio 
sources
1st place with best score
Cornu+25

SDC3 full field - 10°x10° 

SKA-low pointing at 
RA, Dec = 0h, -30°
Frequency coverage :
106-196 MHz
2048x2048 px2

SDC3a : 3D hyper-spectral data for EoR experiment

=> Remove obscuring sources for an underlying H-21 cm EoR 
signal analysis

=> Integrated to 2D continuum data for our detection purpose

A. Zarka - 22/06/2026
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Second approach - Pre-training through auto-supervised task on real-world data

Data simulation
products : mock data + targets

YOLO-CIANNA
Regression based detector

supervised training…

Inference on real data 
(direct/indirect)

Auto-supervised 
pre-training (on real data)
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Auto-supervised pre-training

Encoder DecoderBottleneck
(latent space)

Lo
TS

S 
da

ta

~ 
Lo

TS
S 

da
ta

Denoising 
AutoEncoder

Masked 
AutoEncoder

AutoEncoder 
structure

These tasks allow the network to 
really “learn” the data structure, 

not just an identity function

UMAP
projection
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Architecture ConvNext inspired 
-> Few-Many-Few residual blocks

-> Few-Few-Many
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Encoder DecoderBottleneck
(latent space)

Lo
TS

S 
da

ta

~ 
Lo

TS
S 

da
ta

YOLO 
detection 

head

Encoder Bottleneck
(latent space)

Lo
TS

S 
da

ta YOLO 
detection 

head

Pre-trained Untrained

Training on 
simulations

After pre-training and construction of the full 
detection architecture, the rest of the training is 
exactly the same as the first approach with the 
encoder part frozen during training (simulated 
data pre-process, neural training, post-process 
during inference…)

frozen ?

Auto-supervised pre-training
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