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☹ No/low angular res. 

☹ Low instantaneous SNR 

☹ few samples for imaging

☹ Poor time resolution 

☺Good angular resolution 
☺Good integrated SNR  
☺enough samples for imaging 

+ others problems (instrument stability, ionosphere...)
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Antenna arrays
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Antenna arrays

GMRT (Pune, Inde)
30 paraboles de 45 m
Base max: 25 km
λ~1m, fmin = 153 MHz
A ~50000 m2

Westerbork
(ASTRON, Pays-Bas)
14 paraboles de  6m
Base max: 2.7 km 
λ~10cm – 1m
A ~400 m2

VLA (NRAO, 
Nouveau Mexique)

27 paraboles de 25 m
Base max: 36 km

λ~1cm – 1m, fmin = 74 MHz
A ~14000 m2
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LOFAR: the LOw Frequency ARray

● Giant digital & multi-purpose radio telescope distributed across Europe	

● Radio interferometer composed of ∼48 phased arrays (stations)	

● Working bands:  LBA 30-80 MHz & HBA 120-240 MHz	

● Improved angular (arcsec), temporal (µs), spectral (kHz) resolutions	

● High sensitivity (~mJy)   1 Jy = 10-26 W.m-2.Hz-1	


NL Station!

ASTRON ©
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Interferometry I

1 baseline b (t,ν) + 1 direction s 	

= 	


1 spatial frequency of the sky 
brightness

through the measurement of the 	

fringe contrast 

or fringe « visibility» 

complex visibility Vν
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Interferometry II

Nant	  =	  4

Nant	  =	  3

Nant	  =	  2

	  PSF	  of	  the	  interferometer
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Interferometry III

N

N(N � 1)

2

antennas/telescopes

independent baselines

1 projected baseline  
= 1 sample in the Fourier « u,v » plane VLA 

u

v

l
m

(u,v)	

plane	


sampling
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Inversion 1/2

Stolen from D. Wilner presentation 
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Inversion 2/2
Fourier domain

Snapshot (u,v) coverage

discontinuous sampling of the (Fourier) (u,v) plane
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Inversion 2/2
Fourier domain

Snapshot (u,v) coverage

discontinuous sampling of the (Fourier) (u,v) plane

}Usually: ● Poor Fourier sampling

● Not a true FT relation

● Simplifying hypotheses don’t hold

insufficient samples, redundancy

non-coplanar interferometer

small field approximation

difficult 
inversion 
problem

+ all other Direction Dependent Effects (DDE) (Beam pattern, ionosphere...)

Image domain

Reconstructed image =  
« true » sky * PSF = 

~FT-‐1

Dirty image
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Animation ionosphère
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CLEAN: the classical deconvolution method

Stolen from D. Wilner presentation at NRAO 14th synthesis imaging workshop, Socorro 



Some ground-based instruments fitted for transient detections
In the Image plane

- all-sky monitors (AARTFAAC, LWA)

[Prasad, Wijnholds, 2013]

LWA [Hartman, 2011]

LOFAR superterp



Some ground-based instruments fitted for transient detections

- all interferometers + transient detection pipeline

In the Image plane
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LWA [Hartman, 2011]
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The LOFAR Transients Pipeline

Real-time Database

Imaging 
Pipeline

Image 
Cube

Quality 
Control

Lightcurve 
Storage

Transient & 
Variability 
Analysis

Source 
Association

Archive 
Database

Classification 
& Analysis

Response 
Scheduling

Send 
External 

Alert

Re-run 
Image 

Analysis

Schedule 
New 

Observation

Other 
Facilities

Receive 
External 

Alert

Real-time Processing

Off-line & External Systems

On-line 
Processing

Visibility 
Data

Scheduler

Source 
Finding

[Swinbank et al., 2011; Scheers, PhD, 2011]



Some ground-based instruments fitted for transient detections

In the time/frequency domain

- Nançay Decameter Array, LOFAR, GMRT...	

- CODALEMA (CR)...                cf. Cosmic Ray session	

- Fripons (Meteors)                   cf. Meteors session

In the Image plane

all-sky monitors (AARTFAAC, LWA)
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Some ground-based instruments fitted for transient detections

In the visibility plane

Potentially all interferometers... (but requires very good sky modeling) 
[Trott et al., 2011]

In the time/frequency domain

- Nançay Decameter Array, LOFAR, GMRT...	

- CODALEMA (CR)...                cf. Cosmic Ray session	

- Fripons (Meteors)                   cf. Meteors session

In the Image plane

all-sky monitors (AARTFAAC, LWA)

[Prasad, Wijnholds, 2013]
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“Signals with exactly K components different from zero can be recovered 
perfectly from ~K log N incoherent measurements”

A non linear sampling theorem

Compressed Sensing
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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 non linear sampling theorem

Reconstruction based on non-linear algorithms

- Underdetermined system	

- Sparsity of x	

- Incoherence (     random)

Assumption on the signal x: 

Compressed Sensing



Visibilities

Sky

VLA 

Radio interferometry & Compressed Sensing

[McEwen  et al, 2011; Wenger  et al, 2010; Wiaux et al, 2009; Cornwell et al, 2009; Suskimo, 2009; Feng et al, 2011; 
Garsden, Starck and Corbel, 2013]
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Sparse recovery example

True Sky
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Sparse recovery example

True Sky Mask

Sampling/Sensing 

FFT + mask
H
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Sparse recovery example

Inverse FFT 
Dirty Map

True Sky Mask

Sampling/Sensing 

FFT + mask
H
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Sparse recovery example

Inverse FFT 
Dirty Map

True Sky Mask

Sampling/Sensing 

FFT + mask
H

Sparse reconstruction

Sparse Recovery
(FISTA)

Fast Iterative  
Shrinkage-Thresholding  

Algorithm

[Beck & Teboulle, 2009]



D
ec

lin
at

io
n

Total Flux density = 9393 JyTotal Flux density = 9393 Jy

Right Ascension

Restored image
Total Flux density = 9393 Jy

Residuals
Residual std-dev = 2,65 Jy/beam

Cygnus A F = 151 MHz - ΔF = 195 kHz
ΔT = 6 Hr
36 LOFAR Stations

(dataset courtesy of John Mckean)

CLEAN

● Threshold = 0.5 mJy

● Pixel = 1’‘    size = 512 x 512

● Weighting = super uniform
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Residual std-dev = 0,26 Jy/beam
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Residuals
Total Flux density = 10553 Jy

F = 151 MHz - ΔF = 195 kHz
ΔT = 6 Hr
36 LOFAR Stations

(dataset courtesy of John Mckean)

● Threshold = 0.5 mJy

● Pixel = 1’‘    size = 512 x 512

● Weighting = super uniform

● Scales = [0, 5, 10, 15, 20] pixels

Cygnus A
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(dataset courtesy of John Mckean)

Sparse Reconstruction

● Threshold = 0.5 mJy

● Pixel = 1’‘    size = 512 x 512

● Weighting = super uniform

F = 151 MHz - ΔF = 195 kHz
ΔT = 6 Hr
36 LOFAR Stations

Residual std-dev = 0,05 Jy/beam

Restored image

Residuals
Total Flux density = 10506 Jy

● Scales = 7 wavelets scales

● Minimization algorithm: FISTA	

Fast Iterative Shrinkage-Thresholding Algorithm

Cygnus A

[Garsden, Girard, Starck, Corbel et al., sub.]
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Colorscale: reconstructed 512x512 image of Cygnus A at 151 MHz (with resolution 2.8” and a pixel size of 1”). Contours levels are!
[1,2,3,4,5,6,9,13,17,21,25,30,35,37,40] Jy/Beam from a 327.5 MHz Cyg A VLA image (Project AK570) at 2.5” angular resolution and a pixel size of 0.5”. Most of the recovered 
features in the CS image correspond to real structures observed at higher frequencies.
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- Snapshot = Bad (u,v) coverage = bad PSF ⟶ deconvolution problem	

- Noise: limited by noise in a single timeshot
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Multi-channel Sparse reconstruction

Visibilities

…

…

Measurement matrix	

(Fourier + Sampling)

H

FOURIER  
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Snapshot imaging:	

- Snapshot = Bad (u,v) coverage = bad PSF ⟶ deconvolution problem	

- Noise: limited by noise in a single timeshot

Solution?	

- Project the signal in a dictionary where temporal signals are sparse	

- Peal all extragalactic non-variable radio sources	

- Performing 3D FFTs of the visibilities (as in T-awimager, Tasse et al.)
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Multi-channel Sparse reconstruction

Visibilities

…

…

Measurement matrix	

(Fourier + Sampling)
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Image cube
x

y

Snapshot imaging:	

- Snapshot = Bad (u,v) coverage = bad PSF ⟶ deconvolution problem	

- Noise: limited by noise in a single timeshot

Solution?	

- Project the signal in a dictionary where temporal signals are sparse	

- Peal all extragalactic non-variable radio sources	

- Performing 3D FFTs of the visibilities (as in T-awimager, Tasse et al.)
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Solar System

Hot Jupiters

[Zarka, 2007]

● principle: detect Jupiter-like emissions 
● In radio: Contrast ratio Jupiter/Sun ~1	


but strong radio background -> Need stronger Jupiters

Detection of exoplanetary radio emissions



● Candidates were observed in beamform & interferometer mode

[Griessmeier et al., 2007]

Detection of exoplanetary radio emissions

Tau Boo	

Ups And	

HD 189733	

Hat-P-11	

Eps Eri

● No detection yet...
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The STARLET Transform 	

!Isotropic Undecimated Wavelet Transform (a trous algorithm)	
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