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ABSTRACT

Astrophysical radiation maps provide images which are su-
perpositions of various cosmological components such as
the cosmic microwave background (CMB) radiation, galac-
tic dust, synchrotron, free-free emission and extragalactic
radio sources. All these components are of great interest to
cosmologists and in particular CMB, in addition to being the
picture of the early universe, carries important information
that would help us to choose between existing evolution the-
ories of the universe. In this work we present a technique
for the separation of these components in the presence of
receiver noise. In contrast with most work in the literature,
we make use of the spatial information in the images in the
form of correlation between pixels which we model using
Markov Random Fields. The spatial information is included
in the MRF model through a Bayesian estimation frame-
work. We provide comparisons with the results obtained by
FastICA.

1. INTRODUCTION

In the field of astrophysics and cosmology an important cur-
rent problem is the recovery of independent components
from a mixture of radiation sources corrupted with receiver
noise. The problem is motivated by the availability of the

measurements by the satellite Wilkinson Microwave Anisotropy

Map (WMAP) [1] and the future ESA mission PLANCK [2]
which would provide radiation maps of the sky in unprece-
dented resolution. Among the components present in the
radiation maps, the CMB is of utmost importance: not only
it provides a picture of the early universe shortly after the
bigbang, but also gives information about cosmological pa-
rameters which would help us to choose between competing
theories for the evolution of the universe. The other compo-
nents also are of interest in themselves for understanding
the universe.

A number of works in the literature have addressed the
problem of the separation of the astrophysical components.
In particular, Baccigalupi et al. [3] and Maino et al. [4]
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used the FastICA algorithm [5] and its noisy version which
showed limited success in separating artificial mixture in
the presense of significant noise. In both of these works, the
techniques employed were completely blind to the sources.
In [6], the authors have adopted a generic model for the
sources and obtained better results in comparison with the
FastICA technique. Alternatively, [7] performs blind source
separation via spectral matching, i.e. matching the theoret-
ical spectra with model parameters to the spectra of the ob-
served data. Snoussi et al. [8], utilise an EM algorithm
in the spectral domain, making use of some generic pri-
ors for the sources. Both of these works assume stationary
noise and signals which is not the case for the astrophysical
image separation problem, and they both suffer from com-
mon drawbacks of the EM algorithm, i.e. local optimality
and computational complexity. Moreover, all of these tech-
niques ignore the local spatial information present in the
images. However, the image data carries important informa-
tion in its spatial structure. In particular, foreground sources
show significant local correlation and for each source this
correlation structure is different from the other ones and es-
pecially from CMB. A general technique that models the
local correlation structure in the images using Markov Ran-
dom Fields (MRF) and employs Bayesian estimation to ob-
tain separation was developed in [9], and was showed to be
robust against noise. In this work, our objective is to exploit
the autocorrelation information in the separation of astro-
physical images from noisy data.

The paper is organized as follows. In section 2, we
present the technique of Bayesian source separation using
MRF image model in its general outline. In section 3, we
will present our choices of the Gibbs priors to model the
pixel interactions which will function as regularizers, and
particular attention will be paid to priors that are adaptive
to the true edges in the images. In section 4, based on the
convexity of the chosen regularizers, the alternating maxi-
mization algorithm employed to perform the MAP estima-
tion of both the sources and the mixing matrix is presented.
In section 5, we will show results of simulation studies. The
last section is reserved for conclusions and future work.
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2. BAYESIAN SOURCE SEPARATION USING
MARKOV RANDOM FIELDS

We model the astrophysical images x as simple linear in-
stantaneous noisy mixtures of the cosmological radiation
sources s:

x(i,7) = As(i,j) + n(i,5), i=1,..,n j=1,...m (1)
where n(7, j) is the noise or measurement error vector at
location (%, j), and A is the unknown mixing matrix.

It was shown in [9] that the problem of estimating the
mixing matrix A and the source samples s could be stated in
a Bayesian setup as the Maximum A Posteriori Estimation
problem:

(8,A) = argmanP(s,A,|x):

= argmax P(x|s, A)P(s)P(A) (2)
S,
where from independence assumption on the sources:

P(s) =[] Pu(sk)- 3)
3

Writing the source priors in the Gibbs/MRF formalism, we
get:

Py(sk) = Zikexp{—Uk(Sk)} “4)

where Zj, is the normalizing constant and Uy (sy,) is the prior
energy in the form of a sum of potential functions over the
set of cliques of interacting locations. The number of dif-
ferent cliques, as well as their shape, is related to the order
of the neighborhood system adopted for the MRF. This, in
turn, depends on the extent of correlation among the pixels,
while the functional form of the potentials determines the
correlation strength. In the specific case at hand, we define
Uy (sg) as:

Uk(sk) = ax ka(Sk(i,j)) + 5)
By > o (sulisg) — su(m,n))

4,5 (m,n)EN; ;

where o, and (3 are two positive weights, the so-called reg-
ularization parameters, and V; ; is the first order neighbor-
hood for location (4, j). Functions fj and ¢y are to be cho-
sen according to our expectation about the probability law
assigned to each sample of signal sy, and about the degree
of correlation we assign to couples of adjacent samples, re-
spectively.

3. GIBBS PRIORS

Our choices of the priors are led by the characteristics of
the images. In particular, the CMB radiation is known to
be Gaussian distributed, therefore for foasp in equation (5)
a quadratic error function ||s||? which is the logarithm of
the Gaussian kernel could be considered. This prior has
the main function of regularizing against the receiver noise.
This is especially important in image patches on the galactic
plane where CMB is weaker than the galactic foregrounds
and the presence of noise hampers the separation of CMB.
The second part of the regularizer, ¢, models the neighbor-
ing pixel interactions. Two features are important to be pre-
served in this issue: the smoothness of uniform regions and
the edges, which are very crucial in image understanding.
In order for a regularizer to be edge-preserving, it must in-
crease slower than quadratically. Among the regularizers
that possess this characteristic, we have explored specifi-
cally two. One was suggested by Shulman and Herve [10]
(hereafter SH):

& if (] <A
(&) = (6)
(2A[¢] — A?) if ¢ > A

where parameter A is the threshold for the intensity gradi-
ent, above which the stabilizer becomes linear. Due to this
linear behaviour, the regularizer is adaptive to discontinu-
ities, that is it is able to preserve sharp edges in the images.
The second regularizer was proposed by Bouman and Sauer
[11] (hereafter BS), and is given by:

o(&) = [€]",

For choices of n greater than 1, this regularizer is near-
quadratic, so that, though still moderately adaptive to dis-
continuities, it is more suitable for images that are slowly
varying rather than piecewise homogeneous. However, note
that these two regularizers share the property of being con-
vex.

1<n<2. (7

4. THE ALGORITHM

As it is usual when the joint maximization with respect to
two groups of variables with different characteristics is con-
cerned, we propose to solve the problem of equation (2) by
means of alternating maximization. In particular, this re-
sults in iteratively alternating steps of estimation of A and
s, respectively:

AR = arg max P(x|s*=Y A)P(A) (8)

k)

s® = argmax P(x|s, A®)P(s) ©)

When very general assumptions are made about the in-
volved distributions, an implementation of the above scheme
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which is able to ensure convergence and to limit the com-
putational complexity is based on an overall simulated an-
nealing for the estimation of A according to equation (8),
interrupted at the end of each Metropolis cycle, to perform
an update of the sources s, according to equation (9). Nev-
ertheless, in our case, we have made three basic assump-
tions that allow significant simplifications for the alternat-
ing maximization scheme. First, the noise is assumed to be
white and Gaussian, second, that the regularizer is convex,
and third, that no prior information is assumed for the mix-
ing matrix, so that P(A) is the uniform distribution. All to-
gether, these assumptions make the problem convex in both
the variables, so that the alternating maximization scheme
can be implemented without need for stochastic relaxation.
Furthermore, a gradient ascent can be used to solve equa-
tion (9), while equation (8) results in an analytic updating
formula for A.

5. SIMULATION RESULTS

In this section we test our technique on the separation of
simulated but realistic astrophysical image mixtures. For
simplicity here we give examples for only mixtures of two
sources (CMB and synchrotron radiation), but the algorithm
is valid for mixtures of more components (the expected num-
ber of sources is six: CMB, galactic synchrotron, thermal
galactic dust, Sunyaev-Zeldovich effects from clusters of
galaxies, free-free emissions, and the effect of the individual
radiogalaxies).

In Figures 1.a and 1.b we give the original CMB and
synchrotron radiation maps, respectively, that are used to
create the noisy synthetic mixtures in Figures 1.c and 1.d,
corresponding to observations at the 100GHz and 70GHz
channels. These original maps were taken from a simulated
data set that is a simplified version of the one expected from
the Planck surveyor satellite [2]. The mixing matrix used is:

1.00 1.00
A= [ 281 1.14 }

which again is an estimate, given in [3], of the one expected
for Planck at the frequencies above. Figures 1.e and 1.f
show the results obtained by the FastICA algorithm and Fig-
ures 1.g and 1.h the ones by the technique we have presented
in this paper. In this case, the SH regularizer was used for
both the two sources. The superiority of our technique is
apparent. While in the FastICA results we see that a strong
shadow of CMB is left on the synchrotron map, our tech-
nique has largely succeeded in the separation as well as in
denoising. These performances are reflected also in the es-
timated matrices: the one estimated by the FastICA is:

. ~1.00 0.48
Arasica=| s 114

(g) MRF+ICA estimate (h) MRF+ICA estimate

Fig. 1. Comparison between FastiICA and MRF+ICA
source estimates from mixtures corrupted with 20dB of
noise.
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[ SIR [ MRF+ICA | FastlCA |

CMB 9.23 -7.07
Synchrotron 16.52 5.99

Table 1. comparison of SIR performances of MRF+ICA
and FastICA

while the one estimated by our technique is:

R 1.00 1.15
Amrriioa =1 g3, 114

From a quantitative point of view, the signal to interfer-
ence ratio (SIR) given in table 1 also shows a very signifi-
cant difference (around 10dB) between the performances of
MRF+ICA and FastICA.

6. CONCLUSIONS

In this paper, we have discussed a novel method for the sep-
aration of independent components in astrophysical images.
The novelty of the method is in utilising the local correla-
tion information in images. We modelled the images us-
ing an MRF formulation, where the Gibbs priors are cho-
sen considering special properties of the astrophysical im-
ages. In a Bayesian set up, we formulated the blind source
separation problem as a MAP estimation. The simulation
results demonstrate the superiority of the technique to the
FastICA algorithm. Furthermore, we have observed that for
foreground components such as synchrotron radiation and
galactic dust, edge-preserving regularizers, e.g. the Shul-
man and Herve regularizer [10], are successful since these
images contain large smooth areas with sharp edges. For
the CMB radiation, which is characterized by small homo-
geneous areas and not very pronounced edges, a finer tun-
ing of the threshold parameter A is necessary for obtaining
good results with this regularizer. Extra experiments are
currently in course, aimed at verifying whether the Bouman
and Sauer regularizer [11], could outperform the SH regu-
larizer for the CMB estimation. We are also looking into
automatic selection of the regularization parameters and for
the analytical modelling of the correlation structure in as-
trophysical images. This is particularly important also for
managing non-stationary noise, as expected for the Planck
measurements. Although in principle our method is directly
applicable to mixtures affected by space-variant noise, this
would make the choice of the regularization parameters par-
ticularly cuambersome, since they would be pixel-dependent.
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