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tradi^onal	  deconvolu^on:	  CLEAN	  



tradi^onal	  deconvolu^on:	  CLEAN	  
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CLEAN	  Map	  
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CLEAN	  is…	  
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the	  community	  responds…	  

	  
9	  

Maximum	  Entropy	  

Mul^-‐scale	  Mul^-‐frequency	  
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IFA2 S + N

The	  Wiener	  filter	  
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isotropic	  Gaussian	  
process	  prior	  

Gibbs	  sampling	  is	  a	  both	  power	  spectrum	  
inference	  and	  non-‐linear	  Wiener	  filter	  

Ini^al	  guess	  of	  
signal	  covariance	  

(Su$er,	  Wandelt,	  Malu.	  2011;	  Karakci	  et	  al.	  2013)	  
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(Su$er	  et	  al.	  2013)	  



example:	  Einstein	  

(Su$er	  et	  al.	  2013)	  



test	  images	  

(Su$er	  et	  al.	  2013)	  



image	  
results	  

(Su$er	  et	  al.	  2013)	  
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Gibbs	  performs	  be?er	  than	  CLEAN	  

(Su$er	  et	  al.	  2013)	  



Gibbs	  gives	  uncertainty	  informa^on	  
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Uncertainty	  informa^on	  	  
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applica^on:	  CMB	  B-‐modes	  
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E-‐mode	   B-‐mode	  



applica^on:	  CMB	  B-‐modes	  

	  
22	  



Antenna	  placement	  for	  a	  fiducial	  
experiment	  
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24	   (Karakci	  et	  al	  2012)	  

recovery	  of	  polariza^on	  maps	  
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recovery	  of	  polariza^on	  power	  spectra	  

(Karakci	  et	  al	  2012)	  



Bayesian	  methods	  for	  21cm	  cosmology:	  
extension	  to	  3-‐D	  Slice in plane of sky

(a) Input T21cm(θx, θy) (b) Tsky(θx, θy) (c) Recovered T21cm

Slice perpendicular to the plane of the sky

(d) Input T21cm(ν, θy) (e) Tsky(ν, θy) (f) Recovered T21cm

Frequency −−−−−−−→

Figure 2: True 21 cm signal, and sky image before and after applying PCA foreground subtraction.
The top panel shows the effect of foreground cleaning on a slice in the plane of the sky measured
at ν = 830 MHz, indexed by (θx, θy). The bottom panel shows a slice perpendicular to the plane
of the sky, indexed by (ν, θy). The simulated foreground includes Galactic synchrotron and free-
free emission, and extragalactic unresolved point sources, but excludes instrumental response and
detector noise. Note the smooth frequency dependence of the foregrounds in (e). A low-rank
approximation of the foreground results in successful recovery of the input 21 cm signal. The color
scales are in units of mK. The data cube has 1283 pixels covering the field of view of 30◦ × 30◦ in
the frequency range of 828− 955 MHz.

3) Enhance treatment of foreground and systematic contamination: Gibbs sampling
incorporates foreground models in a modular way since samples are always taken from the con-
ditional posteriors. This means that given a foreground sample, the next sample of the power
spectrum or 21 cm absorption or emission map can be computed as if no foregrounds were present.
This modularity results in much greater flexibility in the foreground modeling than in traditional
approaches for a given amount of computational cost, opening up the possibility of including semi-
parametric foreground models, to which we turn next.

3.3.1 General framework for semi-blind foreground subtraction

The removal of astrophysical and instrumental systematics is a key step on the way to unlocking
the cosmological information in 21 cm data. At these low frequencies galactic diffuse emission and
sources are the principal contaminants, dominating over the signal by orders of magnitude, both for
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Foreground	  projec^on	  cleans	  the	  
power	  spectrum	  

(a) Eigenvalues of R (b) Dimensionless power spectra

Figure 3: Left panel: eigenvalues of the sky-averaged correlation matrix R based on the mea-
sured 128 frequency channels, equally spaced from 828 MHz to 955 MHz. Right panel: simulated
measurement of the one-dimensional spherically binned power spectrum before and after PCA fore-
ground removal. Thin black line: input 21 cm signal. Thick black line: total power spectrum for
the simulated sky data cube before foreground subtraction. The power spectrum after subtracting
the first one (dashed-blue) and the first three (dotted-red) eigencomponents is also shown. The
recovered power spectrum rapidly converges to the true signal over most scales.

optimal power spectrum measurements.

3.3.3 Beyond PCA

Within the more general framework we have developed, we can show that the PCA technique
arises as an approximate treatment of the limit where a single low-rank systematic has no spatial
correlations in the sky plane. We will explore how spatial correlations in the systematic, or multiple
but lower rank systematics could be exploited for even more powerful cleaning. In addition, PCA
is a data-dependent filter and hence non-linear. Existing pipelines do not take this non-linearity
into account. Implementing our general Bayesian framework will accurately propagate the effect of
this non-linearity to the cosmological results. Further, the general formulation allows us to explore
the tradeoffs between fully blind and more informative approaches.

3.4 Extending Simulations to Scans, Mosaics, and Calibration

The results of our CMB simulations to date are for observations of single sky patches, treated
in the flat-sky approximation but including sky rotation. We have generalized the CMB code to
3-D 21 cm data and show a first power spectrum inference in Fig. 4. We will extend this work to
include realistic scan strategies covering areas much larger than a single primary beam.

We will begin by extending our code to the regime in which the flat-sky approximation is
appropriate for a single pointing but not for the entire observed region. In this regime, visibility
calculations for each pointing center are done via FFT after projecting from a HEALPix map [30]
onto the tangent plane at the pointing center. The other key ingredient in the simulations is the
visibility-space covariance matrix corresponding to a given power spectrum. Efficient procedures
exist for calculating covariances in this regime [12].

We will then extend our analysis to the case where individual pointings cannot be treated in
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Bayesian	  power	  spectrum	  recovery	  
from	  mul^-‐frequency	  (3D)	  

interferometric	  observa^ons	  

the flat-sky approximation. For any given pointing center, the calculation of visibilities can still
be done efficiently with FFTs [35], although other techniques such as those based on wavelets [57]
may be even more efficient. The calculation of the theory covariance matrix cannot be done with
FFTs in this regime, but we expect the additional computational load to be manageable.

Having developed these tools, we will examine the effects of varying the sky area covered and
the scan strategy on recovered power spectra, with the goal of optimizing interferometer design for
HI tomography.

One potential advantage of some interferometers is the ability to perform self-calibration to
assess, e.g., gain drifts during observation [5]. For interferometers with redundant baselines, e.g.,
those with regularly spaced antennas such as MITEoR [98] and QUBIC [74], multiple antenna
pairs measure the same visibility on the sky, so that any differences must be due to systematic
errors. With sufficiently many redundant baselines, one can solve for the errors associated with
each antenna. We will use our simulation software to assess the effectiveness of these self-calibration
schemes.

3.5 Generalized Aperture Synthesis (GAS)

Figure 4: 3D power spectrum result from Gibbs sam-
pling analysis of data obtained by a simulation of an
interferometric observation of 1146x1146x561 Mpc3 HI
emission-line signal block of resolution 643 pixels with-
out foregrounds. The observation is simulated for an
interferometer with complete uv-coverage and a max-
imum beam size of FWHMν=855MHz = 5.3 degrees
observing the redshift range of 855-955 MHz with a
signal-to-noise ratio of 10. Mean posterior power spec-
tra for each k-bin are shown in black. Dark and light
grey indicate 1 and 2 sigma uncertainties, respectively.
The binned power spectra of the signal realization and
the binned input power spectrum are shown in pink
and green, respectively.

The flexibility of the interferometer simula-
tion tool GIS allows us to simulate and analyze
more general problems than CMB or 21 cm. We
have adapted GIS to simulate observations of
extended radio sources such as the Coma cluster
with a typical configuration of the Very Large
Array [83]. We also have developed simula-
tions of combinations of extended and point-like
sources in the same field with many different
antenna array configurations.

Within the Bayesian framework of Gibbs
sampling used in our analysis, angular power
spectrum estimation only makes sense if Gaus-
sianity and statistical isotropy are assumed. In
applications to non-CMB or HI data sets the
Gaussian process prior may not strictly hold
but can be motivated from a maximum entropy
argument: given only a model of the mean and
covariance (defined by the angular power spec-
trum) of a data set, the least informative com-
pletion to a full probabilistic model yields a
Gaussian process prior. In that case the method
still maps out the angular power spectrum like-
lihood taking into account all modeled signals
and imperfections in the data at the two-point
correlation level.

In the derivation of the Gibbs sampling
method using the conditional densities of the posterior distribution, the signal angular power spec-
trum samples are paired with optimal (minimum-variance) signal reconstructions assuming that
same power spectrum. Averaged along the chain the algorithm therefore simultaneously discovers
the correlation structure in the data, reconstructs optimal sky maps, and explores the range of
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Conclusions/future	  work	  
•  Probabilis^c	  imaging	  is	  a	  powerful,	  broadly	  
applicable,	  parameter-‐free	  technique	  

•  Power	  spectrum	  inference	  is	  a	  free	  bonus	  
•  Now	  have	  a	  3D	  implementa^on	  for	  radio	  data	  
cubes	  

•  The	  formalism	  allows	  inclusion	  of	  any	  foreground	  
prior	  based	  on	  Gaussian	  random	  fields	  (e.g.	  KL	  
approach)	  

•  Next	  steps:	  applica^on	  of	  (semi-‐)	  blind	  
approaches	  to	  CMB	  analysis	  in	  21cm	  context?	  
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