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Universality	of	transients	in	radio

t

-	mark	the	presence	of	magneIc	fields

Radio	signatures

-	have	a	rich	spectral	and	temporal	features	

-	associated	to	catastrophic	events

at	all	scales	in	energy,	distances,	duraIons…
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Continental-scale instruments

- High sensitivity

- Full polarimetric measurement

- High time resolution
spectral resolution
angular resolution

- Large field of views

ns
< kHz

µJy

< arcsec

😄
10s°

(see Stephane’s review)
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MoDvaDons
Astronomers	ideally	want	the	whole	sky at	0.001	nsec	x	0.001	Hz	
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everywhere	&	all	the	Ime	
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2)	while	reducing	the	amount	of	data	with	minimal	loss
1)	take	the	best	of	the	instrument	(SNR)

			but	permanent	search	for	improved	faciliDes	and	methods
→	necessary	compromises	
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VLA 

Uncalibrated instrument
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Uncalibrated instrument Optical equivalent

Calibration of a radio 
interferometer = Post-processing

« adaptive optics »
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~640 MHz bandwidth
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Validity region of
standard calibration

3C197

1) Increases local and global noise

2) Fake variables sources

3) Fake detection of new sources

Improper calibration and deconvolution

Hopefully, solutions exists : The RIME(Smirnov 2011)
                                           DDFacet (Tasse et al. 2017?)

Credits: Tasse & Smirnov
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* E. Candès, J. Romberg and T. Tao, “Robust Uncertainty Principles: Exact Signal Reconstruction 
from Highly Incomplete Frequency Information”,  IEEE Trans. on Information Theory, 52(2) pp. 489 - 509, Feb. 2006.

“Signals with exactly K components different from zero can be recovered perfectly 
from ~K log N incoherent measurements”

A recent sampling theorem

Reconstruction based on non-linear algorithms

- Underdetermined system
- Sparsity of x
- Incoherence (     random)

Assumption on the signal x: 

Compressed Sensing



Original image

5% of the highest coeff
Direct space

Representation of a signal



Original image

5% of the highest coeff
Direct space

0,5% of the highest coeff
Wavelet space

Approximate image

Representation of a signal



Sparse signal = represented by a small number of coefficients in 
a « good » dictionary

What makes a good dictionary ?

• Fast computation
• Signal analysis through the statistical properties of the coefficients
• Sparsity of coefficients

Coefficient 
Amplitude

Sparsity

� = {�1, ...,�K}Dictionary

Atom
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Aperture	imaging	and	deconvoluDon
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⇥

Sampling	of	the	Fourier	Plane
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Interferometry Imaging	from	a	sparse	set	of	Fourier	samples

True	sky Observed	sky

Aperture	imaging	and	deconvoluDon

Combining	the	mathemaIcal	framework	of	Compressed	Sensing	and	sparsity

Data	term Sparsity	constraint

P : min
↵

||Y �H�↵||22 + �||↵||1 ||↵||1 =
X

i

|↵i|

F F�1

⇥

Sampling	of	the	Fourier	Plane

Y = HX + N
Fourier	samples Noise

True	skyInstrumental	response

Inverse	problem CLEAN	(1974)
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Visibilities

SkyMeasurement matrix
(Fourier + Sampling)

H
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Y = HX + N

Visibilities

SkyMeasurement matrix
(Fourier + Sampling)
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{
Sparsee.g. Wavelets Tr.

Radio interferometry & Compressed Sensing
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Y = HX + N

Visibilities

Sky

min
�
���p

p subject to �Y �H���2 � ⇥

Measurement matrix
(Fourier + Sampling)

H

  

FOURIER  

{
Sparsee.g. Wavelets Tr.

Radio interferometry & Compressed Sensing

VLA 



Applications:
In-painting

Simulated
Fermi data

Credits: AIM/LCS 



Applications: Denoising / Deconvolution

Credits: AIM/LCS
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but	are	the	reconstructed	structures	real	?

Sparse	reconstrucDon
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Other « Compressed Sensing » / Convex optimization / Sparse imagers on the 
market (non exhaustive)

Beck & Teboulle (2009)
- Iterative Soft-Thresholding 

- OMP (Orthogonal Matching Pursuit)
 Davis et al. (2007)

« Signal processing world »

- Douglas-Rachford splitting
Combettes & Pesquet (2007)

Combettes & Pesquet (2011)
Afonso et al., Setzer et al. Attouch & Soueycatt, 2009

- SDMM/ADMM
Simultaneous-Direction Method of Multipliers
Alternating

« Radio interferometry world »
Li et al., (2011c)
Wenger et al. (2010,2013)

Hardy (2013)
Garsden, Girard (2015)

Fannjiang (2013)
+ CLEAN (MP) …

Wiaux et al. (2009b)
McEwen & Wiaux (2011)
Carrillo et al. (2012)

in Carrillo et al. (2013)

Van belle (MS thesis 2016)
R. Armstrong (in prep)

- MORESANE Dabbech et al. 2015

- SASIR Garsden et al. 2015, Girard et al. 2015 Girard, Jiang et al., in rev.

- SARA/PURIFY Carrillo et al., 2015 

- Point-RESOLVE Junklewitz, 2013
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Sky model

"control" source

transient source

Dirty map

- "control" steady source 

- transient gaussian source

A new source appeared but side lobes as well !

Need a time-agile deconvolution algorithm

ApplicaDon	to	transient	imaging
2D+time
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➙ Probing the parameter space
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detection problem
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Time integrated 
images

Error on transient profile

Metrics

Transient source SNR
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bright slow transients
faint fast transients

Imaging mode
Beamforming mode

SKA-class telescopes gain in raw sensitivity
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Biased flux
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addressed with Radio Interferometric Measurement Equation

Data calibration gained in complexity
gained in volume



Take-away messages

« Compressed Sensing »
Recent signal processing framework to take the best of your data

(also applicable to X-ray and Gamma-ray deconvolution)

bright slow transients
faint fast transients

Imaging mode
Beamforming mode

SKA-class telescopes gain in raw sensitivity
enable monitoring of your favorite objects (e.g. during quiescence)

Instrumental effects  = f(t,𝜈,θ,φ)Large FoV
Biased flux
Fake transients

addressed with Radio Interferometric Measurement Equation

Data calibration gained in complexity
gained in volume



LOFAR
A multiscale 
instrument

• 1824 antennas / NL tiles + 1248 International
• Imaging, Beamforming, waveforms

Décembre 2010 – l’ASTRONOMIE - 17

A. Six stations LOFAR regrou-
pées sur un tertre de 300 m
de diamètre au cœur du cœur
de LOFAR (©LOFAR Science

Consortium) – B et C. De la cos-
mologie aux exoplanètes, vues
d'artiste. (©NRAO et Nasa/Esa/A.

Schaller) – D. Les antennes
LOFAR, sous la neige, à
Nançay. (© Bertrand Flouret)

– E. Observation de Cygnus A
à 240 MHz, le 30 mai 2010. 
(© John Mc Kean/LOFAR/ASTRON)

– F. Antennes de LOFAR aux
Pays-Bas. (© Topfoto Assen)

LA NAISSANCE DU PROJET
Vers le milieu des années 1990, de nouvelles
méthodes ont été mises en œuvre à 74 MHz au VLA
(Very Large Array, Nouveau-Mexique) pour corriger
les perturbations de phase ionosphériques, ouvrant
des perspectives nouvelles en imagerie basses fré-
quences. Ces développements, les progrès dans le
domaine des récepteurs, et les puissances de calcul
disponibles en forte croissance (permettant d'envi-
sager une lutte logicielle contre les parasites) ont
fait germer l'idée d'un très grand réseau basses fré-
quences dans plusieurs pays, et notamment aux
USA et aux Pays-Bas, ainsi qu’en France. Les projets
américains et hollandais ont fusionné pour devenir

le projet LOFAR (LOw Frequency ARray - réseau
basses fréquences). En 2004, suite à l’obtention par
les radioastronomes hollandais de financements
nationaux et régionaux, académiques et industriels,
à la condition expresse de construire LOFAR en
Hollande, le consortium hollando-américain s’est
dissous, les américains relançant indépendamment
les projets LWA (Long Wavelength Array) aux fré-
quences inférieures à la bande FM, et MWA
(Murchison Widefield Array) aux fréquences plus éle-
vées. Devenu purement hollandais, LOFAR s’est
ouvert à partir de 2006-2007 à des partenariats
européens, et la communauté française s’y est acti-
vement engagée.
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NenuFAR	=	New	Extension	in	Nançay	Upgrading	LOFAR

InstrumentaDon
Improving	LOFAR	? Instantaneous	sensiIvity

Field	of	view
Access	to	large	structure

on	angular	resoluIon

~400m

Thèse,	2013
Zarka,	Girard	et	al.,	SF2A	2012

Girard	et	al.,	CRAS,	2012 Girard	et	al.,	SF2A,	2012
Zarka,	Tagger,	Denis,	Girard	et	al.,	in	prepZyma,	Girard,	Vasko	et	al.,	2016

MulD-scale	instrument
Under	construcDon	(~50%	by	the	end	of	2017)	-	SKA	Pathfinder

Large	stand-alone	instrument	in	Nançay	(=	LOFAR	NL)



… NenuFAR
New extension in Nançay upgrading LOFAR



LOFAR

LOFAR core

NenuFAR-96

NenuFAR-58

LOFAR 
superterp

LWA

Arecibo, FAST

Aeff compared to LOFAR, LWA


