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Why advanced?!

❖  Simple imaging techniques fail under the following conditions:

❖  Imaging far from the phase center (bandwidth and time smearing) - 
covered in Rick’s lecture.

❖  Bright sources in, or just outside, the primary beam.

❖  Source comparable to, or larger in angular size than the largest fringes 
sampled by the array.

❖  Frequency range of observation (bandwidth) is large (>~10% of the 
observing frequency).

❖  If we want to get to high dynamic ranges and sample large scale 
structure well, we need to adopt more sophisticated approaches.



Solutions!

❖  Taking data right:  acquisition of data to avoid bandwidth and time averaging 
smearing.

❖  Sampling short spacings: Mosaicking, and adding in data from other arrays and 
single dishes (e.g. ALMA’s ACA and TP) to sample short and zero spacings.

❖  Wide field corrections: Correct treatment of the “W-term” in imaging software 
for wide fields/non-coplanar arrays, correct treatment of primary beam (“A-
projection”).

❖  Wide bandwidth corrections: Multifrequency synthesis imaging fitting spectral 
indices and allowing for variation of primary beam with frequency.

❖  Improved image reconstruction techniques - particularly for objects with extended 
emission.



Recap!

Interferometric data is taken in 
Fourier space. The sky 
coordinates (l,m) are observed 
and resulting complex fringe 
visibilities V sampled at Fourier 
coordinates (u,v). These  are 
converted into images via a 
Fourier transform. Sky Primary beam

This lecture will look into this equation in more detail



Mosaicking!

❖  The largest fringes an interferometer can form are λ/bmin 
where bmin is the shortest baseline in the array. The 
largest angular scale that is correctly sampled is about 
half of this (Nyquist). 

❖  Mosaicking takes advantage of the fact that more spatial 
frequencies are available due to the finite size of the 
dishes.



Theory of mosaicking!

❖  Interferometry equation contains the A term describing the 
antenna’s primary beam response. The sky brightness is 
multiplied by this - equivalent to a convolution in the uv-
plane.

❖  Thus points in the uv-plane are smeared out.

❖  Although a given observation only measures a single 
visibility, by scanning the telescope over the sky some of 
the missing information can be recovered.



Mosaicking!
Smaller hole on right!



How to mosaic !

❖  Usually you will want to map with a spacing of λ/(2D) 
where D is the dish diameter and λ the (shortest) 
wavelength of observation. 

❖  Mosaicking will not completely solve the missing spacing 
issue - the response of the primary beam at the edges is 
low, and technique is only effective when shortest baseline 
is ~dish diameter, so shadowing is often a problem.

❖  Better way is to combine mosaicked data with data from an 
array with smaller dishes, and/or a single dish.



Making mosaics!

❖  The ALMA OT can set mosaics 
up for you at the Nyquist (or 
your own specified) spacing.

❖  A new mode, “on the fly” 
mosaicking is in development 
for both the VLA and ALMA. 
This mode takes data while the 
dishes are being scanned, can 
give very good coverage (sub-
Nyquist) in the along scan 
direction without large 
overheads.



Combination of arrays!
❖  For telescopes that are designed to work together such as ALMA’s 12m and 7m arrays, simply 

concatenating the uv data and mapping will probably work quite well. CASA should correctly 
calculate the relative antenna weights (but check!).

❖  For other combinations, relative weighting is a concern, you may need to change the weight of one 
dataset with respect to the other. This will also change the synthesized beam.

❖  The weights scale as (1/σ)2  where σ is the noise.  For a baseline between antennas i and j: 

❖  Assuming similar Tsys, channel widths and integration (sampling) times, t,  the weights therefore 
scale as the square of the ratio of antenna areas, or the 4th power of the antenna diameters. E.g. for 
ALMA 12m and 7m, same channel width and integration times of 6s for 12m data and 10s for 7m 
data, the relative weights are ~(12m/7m)4(6s/10s)=5.2.

❖  Sometimes it is necessary or useful to self-calibrate the lower resolution data onto a model made with 
the higher resolution data or vice-versa, but set uv ranges carefully…



Adding in single dish!

❖  See A. Kepley’s talk last week.

❖  Feathering (FT interferometric and single dish images, 
combine uv-data and transform back) is the 
recommended procedure.



Wide field imaging

Origin of the w-term!

For simple “snapshot” imaging (or EW 
rotation synthesis) the array can be 
treated as coplanar, so a simple 2D 
Fourier relation exists between the sky 
and the visibilities.

In real life though, we have to deal 
with non-coplanar baselines, and our 
2D problem becomes a 3D one.

For the interferometer in a plane (left), 
phase diff: 
ɸ=2πusin𝜃=2πul
For one not in a plane (on a hill, on a N-S 
baseline rotating with earth etc…)
ɸ=2π [w+utan𝜃]cos𝜃-ɸref=2π[ul+w(n-1)]
where ɸref =2πw is a reference phase.
In terms of just l,m our new phase term 
becomes: 
ɸ=2π[ul+vm+w(√(1-l2-m2)–1)]



Wide field imaging

The interferometry 
equation in 3D!
Adding in the 3rd dimension of our array 
changes the interferometry equation, 
need to use the new phase term:

This can be split off as the “w-term”



Dealing with w!
❖  Could do a full 3D FT, but very slow… 

❖  Instead, treat interferometry as a 2-D FT with a “w-term” that is 
a convolution in the uv-plane:



Effect of w - when does it matter?!

❖  W-term can be ignored when:

❖  FOV is small (l2+m2~ (λ/D)2 << 1) where D is the dish diameter.

❖  the array is nearly coplanar (w << √(u2max+v2max)~Bmax/λ) where Bmax is the 
longest baseline.

❖  duration of observation is short (snapshots) or interferometer is EW only.

❖  Rule of thumb, can ignore if λ<D2/Bmax. E.g. for VLA A-array, Bmax=36km, D=25m, 
so affects all wide-field mapping at <15GHz. ALMA, D=12m,  Bmax=16km λ=9mm, so 
w-term is not a problem for any current operating frequency.



Practical solutions!

❖  Use w-projection, which grids the UV plane convolving 
with the w-kernel, also implemented in CASA.

❖  Faceting in the image plane -  

❖  Approximate celestial sphere by a set of tangent planes 
(“facets”) for which the 2D approximation works.

❖  Reproject and stitch together the facets to form the final 
image.

❖  Both implemented in CASA clean.



74MHz VLA observation (K. Gulap)



Wide field imaging

Primary beam effect 
and A-projection!
The main effect of the primary beam is to 
reduce sensitivity for objects beyond the 
field of view of a single antenna. There 
are also other, more subtle effects, 
however, including phase terms due to 
diffraction and optics (focus) and a 
polarization pattern from reflections off 
dish surface and superstructure, and also 
from the feed optics.

Why is the primary beam a problem? 
The primary beam is quite stable 
during an observation, but the sky 
rotates relative to the primary beam as 
observations are taken in an alt-az 
mounted telescope. Solutions are to (1) 
use an equatorial mount (expensive), (2) 
have dishes that rotate with the sky 
(ASKAP), or fix in software using a 
good model for the primary beam 
(usual solution)



Rotating dish solution!

❖  https://
www.youtube.com/
watch?
v=gAgxY6QL5bI

Want to avoid something 
like this VLA PB pattern 

rotating on the sky!



Polarisation effects!
❖  The primary beam response is polarized - total intensity can 

leak into polarized images and vice-versa - correcting for this 
is important even if you are only interested in Stokes I images.

I* I* I* I*



A-projection!

❖  We can mitigate these effects with a good primary beam model. This 
model needs to be complex and have polarization information. 

❖  It can then be used to convolve points in the uv-plane (“A-projection”):

❖  We already met a simple version of this in the context of mosaicking, 
but now A is a complex function of time.

❖  Applying the correct PB model during deconvolution also very 
important.



Wide band imaging!

❖  Wide bandwidths allow higher sensitivity to continuum 
emission (RMS inversely proportional to the square root of the 
bandwidth), and larger frequency ranges for line searches.

❖  Once the bandwidth gets large compared to the observation 
frequency, sophisticated techniques are needed to handle the 
data. 

❖  With problems though come opportunities - besides the higher 
sensitivity for continuum observations, uv-coverage can be 
improved and spectral properties measured as part of the 
imaging process.



Wide bandwidth imaging

Multifrequency 
synthesis!
Distance in the uv-plane is proportional 
to b/λ, where b=(p,q) is a baseline vector. 
If there is a large range in wavelengths, λ1 
to λ2, then a point in the uv-plane at (u,v) 
becomes a radial line from (u1,v1) to 
(u2,v2), where u1=p/λ1, u2=q/λ2 etc.
We can take advantage of this improved 
uv-plane coverage in the imaging process 
using multifrequency synthesis.

1.5GHz monochromatic

1-2GHz



Multi-term MFS!
❖  When the flux of objects vary significantly across the band, need a 

sky model that takes this into account, including spectral index and 
(perhaps) spectral curvature information.

❖  Expand image as a Taylor Series in frequency.





Caveats!

❖  Resolution and largest angular scale change with 
frequency

❖  Primary beam changes with frequency

❖  Fixed by including primary beam in imaging model

❖  When mosaicking, can be particularly problematic. For 
full coverage, ensure mosaic is Nyquist sampled at the 
highest frequency used. 



Imaging

Image 
reconstruction!
The uv-plane is now as good as we are 
going to get it. In an ideal observation and 
analysis, we will have used mosaicking 
and (for continuum) multifrequency 
synthesis, maybe also added a smaller dish 
array and convolved with A- and W-
projection convolution kernels to improve 
fidelity. Now all we have to to is Fourier 
Transform the visibilities to form the 
image…

True image Beam

The rest of this lecture discusses 
“advanced” techniques for the 

deconvolution



Deconvolution

Cleaning!

Iterative deconvolution of images via 
direct subtraction of (some fraction of) the 
beam is known as cleaning. Simple 
(Hogbom) cleaning works purely on the 
image. More advanced techniques such as 
Cotton-Schwab cleaning construct a 
model and subtract it from the uv-data in 
so-called “major cycles”.

Major/Minor iterations
Clean components are found 
using conventional Hogbom 
clean in “minor cycles”. At the 
completion of a minor cycle, 
the model is Fourier 
transformed and subtracted 
from the uv-data, which is then 
itself Fourier transformed to 
make the new image.



Cleaning with flanking fields!

❖  Sometimes you don’t want to make a map covering the 
whole primary beam out to a few sidelobes to clean all 
the sources .

❖  CASA and AIPS allow the specification of flanking fields 
(e.g. via the outlierfile parameter in CASA).

❖  Using Cotton-Schwab cleaning, the contributions of these 
sources can be subtracted in the uv-plane, and thus their 
sidelobes can be removed from the inner image.



Multi-scale cleaning!

❖  Multi-scale clean allows clean components that are 
larger than the PSF to be fitted.

❖  Works well for extended emission (though need to set 
up parameters carefully).

❖  Implemented in CASA clean



Alternatives to Clean!
❖  The search for the perfect image reconstruction algorithm 

is still ongoing. 

❖  Image reconstruction is fundamentally a poorly-
constrained problem. (In the uv-plane, think of it as an 
interpolation between points - there are an infinite number 
of ways to do it!). 

❖  Maximum Entropy techniques have been used with some 
success, but have to be adapted to deal with negative 
image values.

❖  Recently, some work on compressive sampling has shown 
promise. 

❖  Clean still seems to be the best compromise between 
performance/usability and fidelity.

Ye Perfect Algorithme



Maximum entropy!

❖  Our visibility data vector, v can be written as:

❖  v=Ot+σ

❖   where t is the true (sky) data, represented as a vector,  σ is a noise 
vector, and O is an operator that describes the process of observation.

❖  There are many scenes that could produce the observed visibilities 
that satisfy the usual chi-squared criterion:



Principles!

❖  Maximum entropy works by assuming 
the underlying scene is generated 
randomly. 

❖  We can imagine that the total 
illuminance of scene is divided into N 
small grains (or pieces of banana), and 
their distribution controlled by a group 
of monkeys to make random scenes.

❖  We then accept those scenes which are 
consistent with the data and sort them 
into piles.

❖  After many sortings, the largest pile 
will be seen to represent the most likely 
scene allowed by the data. 

MaxEnt monkeys at work



Entropy!

❖  The monkeys produce the various scenes with different probabilities. If 
each pixel receives ni  small grains from the available N, then the number 
of ways a given scene can occur is 

❖  Using Stirling’s approximation, we define the entropy S as:

❖  The largest pile of images will be the one that maximizes the entropy. 
Features only appear if these is definite evidence for them in the data. 

❖  Consequently a good prior image is important - can use e.g. a single dish 
image. 



Implementation!

❖  The maximum entropy method has been implemented in AIPS (and at 
the toolkit level in CASA). See Cornwell & Evans (1985).

❖  Algorithm maximizes the relative entropy between the image, t and the 
prior guess, m, subject to the constraint that the 𝟀2 value of the 
visibilities corresponding to the image are ~number of degrees of 
freedom, and the flux in the image is conserved using a function J, i.e.:

where ⍺ and β are Lagrangian multipliers.

❖  Maximum entropy works very well for smooth sources, less well e.g. for 
sources with embedded point sources.



Compressive sensing/sampling!

❖  Most images are quite boring. You have maybe 
106 pixels, but many are the ~same (closely 
correlated), or noise. 

❖  Your digital camera or cellphone camera will use 
lossy compression (typically JPEG) to take 
advantage of this and compress the raw data by 
factors ~10.

❖  Compressive sensing takes advantage of this fact.

❖  Rather than being an image reconstruction 
algorithm as such, compressive sensing allows to 
you rigorously define how well (or badly) you are 
doing.



Theory!

❖  The theory of compressive sensing (sometimes as called compressed 
sensing) is relatively recent, with the first papers written in 2006 (by 
Candes, Tao, Donaho). 

❖  Mathematically, if an image is “boring” then it can be expressed in 
some set of basis functions using far fewer parameters than the 
number of independent pixels in the image (the image is said to be 
“sparse”).

❖  Define a general imaging process as Ψt=z, where t is the true (sky) 
data, represented as a vector of length n, z is the image, a vector of 
length m,  and Ψ is an mxn matrix that describes the imaging process.



Sparse images!

❖  How good a reconstruction (or compression) we can do 
depends on the sparsity of the image.

❖  Suppose we can find a basis in which our true image can 
be easily expressed in just a few terms. We can then 
write t=ɸ⍺, where ⍺ is a length l vector describing the 
image in the new basis and ɸ an nxl matrix which is 
mostly comprised of zeros. 

❖  Reduces the complexity of the problem considerably.



Application to interferometry!

❖  Rewrite the interferometric imaging process  in the context of compressive 
sampling as: 

❖  MFt=v, 

❖  where v is the vector of visibilities, t is the true sky image vector, F is a Fourier 
transform operator and M a binary matrix representing the sampling in the uv 
plane (Mij=1 if there is a uv point, =0 otherwise).

❖  If we inverse FT both sides:

❖  F-1M * t = F-1 v

❖  (F-1M is the “dirty beam”).

❖  Direct link to compressive sampling theory as can write MF=Ψ - works for sources 
that are sparse in the image domain, i.e. point sources, and analogous to clean.



Other basis functions!

❖  Clean is a natural CS algorithm (though technical differences 
between clean and the related CS algorithm, OMP, see 
Fannjiang 2013). Basis functions are pixel-based delta functions. 
Great if your sky is made up of point sources.

❖  But what if our source is extended? Need to use another set of 
basis functions, e.g. Fourier components or wavelets in which 
the image is sparsely represented. 

❖  Hence the power of CS is the ability to use a range of basis 
functions matched to your expectations of what the image 
should look like.



Imaging

Compressive 
sampling results!
From Li, Cornwell & de Hoog 
2011.

Wavelets work best for this 
example.

In general though, we need to 
start with a guess at the source 
structure and pick a basis to suit.

Hogbom clean

Multiscale clean

CS wavelets

CS Partial Fourier

Model Residual Restored



Summary!

❖  The best way to get a good image is to take the data well! (Watch for 
bandwidth and time averaging and get the best uv-plane coverage you can, 
for very extended sources, mosaic and get short and zero-spacing data.)

❖  Apply uv-plane corrections such as W-projection and A-projection if possible 
and appropriate (now working for VLA in CASA).

❖  Clean with facets and peel off bright sources on the edge of the primary 
beam (VLA), use nterms > 1 in MFS (VLA and possibly ALMA Band-3).

❖  Deconvolution - clean (especially multi scale) adequate for most purposes, 
but look into other methods for especially tricky imaging problems. You 
need to know what (roughly) your image will look like when picking an 
algorithm.



References and further reading!

❖  Lectures from the 2014 Synthesis Imaging workshop, in 
particular those by Steve Myers, Urvashi Rau and Brian 
Mason. Also pretty much any paper by Tim Cornwell 
not listed below.

❖  Cornwell & Evans 1985, A&A 143, 77 (Maximum 
Entropy)

❖  Li, Cornwell & de Hoog 2011, A&A, 528, 31; Fannjiang 
2013 A&A,  559, 73 (Compressive sampling)


