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Abstract—In this work we investigate a new approach in
component separation to better recover the Cosmic Microwave
Background (CMB) maps. To date, the various component
separation techniques developed give reasonable results but none
of them gives the best result for all components, nor the best estimates for all multipole `. These approaches are mainly limited by
a too simplistic modeling of physical information on the sources
and/or an incorrect handling of the point spread function (PSF)
of the instruments. In particular, the Generalized Morphological
Component Analysis technique (GMCA) gives only good results
at low `. To improve such techniques, we propose to utilize a
flexible framework developed recently in optimization theory to
perform restoration under various (convex) physically motivated
constraints. The proposed technique should be employed in a
two-stage approach, after estimation of an approximate mixing
matrix (for instance using GMCA). Results obtained from a 1D
toy model based on a Planck Sky Model simulation as well as
results obtained in a more realistic full sky simulation (with
resolution parameter Ns = 512) suggest that this approach is
valuable to improve component separation.

I. I NTRODUCTION

T

HE Planck mission intents measuring the full-sky Cosmic
Microwave Background (CMB) intensity and polarization anisotropies with an unprecedented angular resolution
and sensitivity, providing a broad frequency coverage of the
emission spectrum, so as to ultimately provide key information
about cosmic inflation. The mission is also expected to provide
breakthroughs in the knowledge of the interstellar medium and
galactic and extra-galactic emissions.
These objectives are challenged by the importance of the
Galactic foreground contributions (synchrotron, free-free, dust
emissions) to the microwave sky temperature and polarization
(prevailing in some regions of the sky). Accurate and robust
component separation techniques are therefore required to
measure the CMB characteristics.
We aim at better estimates of the Cosmic Microwave
Background (CMB) intensities. The approach we propose to
reach this goal is part of a two step scheme: first estimating
the mixing matrix and then performing a constrained deconvolution given this approximate matrix. In this work, we focus
on improving the second step and propose an algorithm based
on recent work in optimization theory.
This paper is organized as follows. In section II we present
our parameterization of the component separation problem,
define the notations for the rest of the paper and the framework
adopted to solve the problem considered. In section III we
describe the 1D and full sky simulations employed to evaluate
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whether the proposed algorithm may be valuable in Planck
component separation. We then present the results and future
work in section IV.
II. T HEORY
A. Component separation
A huge amount of effort has already been spent to devise
various schemes to separate CMB from foreground emissions.
To anticipate the difficulties in the analysis of Planck data,
a challenge was proposed to compare several of these
approaches on the same realistic synthetic data, based on the
Planck Sky Model (PSM). The results were summarized in a
recently published paper [1].
Most of these methods imply the following bilinear parameterization of the problem:
(
!
)
C
X
o i = bi ∗
aic sc + ni
(1)
c=1

i=1..I

where oi , bi and ni are respectively the observed data, the
point spread function (PSF) of the instrument and an additive
gaussian noise in channel i (over the I possible frequencies
observed), C is the number of sources separated and the
mixing matrix A = {aic }i=1..I,c=1..C contains the spectrum
of the C components as columns. sc is a 2D map of the
component c. This model factorizes spatial and spectral
information.
To solve this severely ill-posed problem (especially when
both the mixing matrix and the components are jointly estimated), the proposed algorithms included various constraints
on the mixing matrix and/or the extracted components, such
as the knowledge of the spectral signatures of the CMB
and SZ components. Parameterization of the free-free, the
synchrotron or thermal dust spectral signatures were used to
reduce the number of unknown variables. Finally, the sparse
representation of the components in a wavelet dictionary (as
illustrated in figure 1) was also employed in the Generalized
Morphological Component Analysis (GMCA) so as to identify
the mixing matrix [2].
Although these approaches were sufficient to give a reasonable estimation of the CMB maps and its power spectrum,
none of them could be considered as the best for all components. Furthermore, all CMB map results were contaminated
by other component residuals over noise levels.
The main limitations of these methods are clearly due to too
simplistic modeling of the galactic components (for instance,

Fig. 1.
Histogram of the dust
(top) and CMB (bottom) values in
image space (left column) or in the
wavelet domain (right column). We
used the orthonormal 4-coefficient
Daubechies wavelets with 4 levels
of decomposition applied on each
face of Ns = 512 maps, the
extremal histogram bins were set
to the minimal and maximal values of the considered components.
For the CMB component, we also
included the approximation coefficients at the last level of decomposition. This figure illustrates that
the components are sparse in the
wavelet domain, a key feature used
in our approach. Note in particular
that even if the CMB component
is non sparse in image domain,
its coefficients however exhibit an
exponential decay in wavelet space.

equation (1) does not allow any spatial variation of spectral
indices, such as expected for dust).
Furthermore, some methods did not handle properly the
PSF (for instance GMCA does not model the beams bi when
identifying the matrix A), which led to high residual errors
at high multipole l. Therefore, even for the CMB, ranking the
methods is not obvious: methods like GMCA produced better
results at low l than the others, while at high l, the SMICA
method outperformed GMCA.
To summarize, 1) a huge amount of effort has been done
during the last years in the framework of the PLANCK
Working Group 2, 2) a lot of progress has been done and new
methods have been developed (SMICA , Needlets, GMCA, etc
[1]), especially to recover the CMB, and 3) we see that current
methods should be improved. The challenge is now to develop
approaches better taking into account physical information on
the components for separation.
In the next section, we present a flexible approach based
on recent works in optimization theory than can be employed
toward this aim.
B. Framework used in proximal theory
Once estimated a mixing matrix (using GMCA for instance),
the inverse problem of estimating the components in equation
(1) becomes much simpler. Indeed the pseudo-inverse of this
matrix may be applied to the data so as to recover the various
components as in the GMCA approach. More generally, recovering the various components given an approximate mixing
matrix A may be written as a convex problem that belongs to
the flexible framework proposed in [3]:
minimize
x∈H

m
X
i=1

fi (x)

(2)

where H is a real Hilbert space, {fi }i=1..m are proper lowercontinuous convex functions (see below, representing for example a discrepancy function and a regularization term). In
this framework, the solution x
b may be constrained to belong
to the intersection of closed convex subsets, representing for
instance some knowledge of the spatial support of the various
components or bounds on their values. Several algorithms
based on proximity operators were developed to solve problem
2, with proven convergence to a unique minimum under various assumptions (for instance [4]–[6], and the comprehensive
review [7]). Proximity operators and the two algorithms we
used will be presented in section III.
Using this approach after estimation of a mixing matrix may
therefore allow to improve the recovery of the components by
adding more flexible constraints or priors on them.
C. Notations and Parameterization
As in the GMCA approach, the sparsity of the components
in a (redundant) wavelet basis will be a key ingredient in our
approach and we will use the `1 norm to enforce sparsity of the
solution in the wavelet domain. Furthermore we will impose
constraints in both image and spherical harmonic domains and
we will also perform deconvolution in the spherical harmonic
domain.
The notations are as follows. H is a real finite-dimensional
Hilbert space with scalar product < ·, · > and associated
norm || · ||, Id is the identity operator on H. A real-valued
function f is said to be coercive if
lim f (x) = +∞,
||x||→+∞

proper is it is not identically equal to +∞, lower semicontinuous if lim inf x→x0 f (x) ≥ f (x0 ). We call domain of f :
dom f = {x ∈ H : f (x) < +∞}. Γ0 (H) is the class of proper
lower semicontinuous convex functions from H to ]−∞, +∞].
Finally the indicator function of a subset C of H is defined

as:


ιC : x 7→

0
ifx ∈ C
+∞ ifx ∈
/C

(3)

In the following, matrices are indicated in bold. All 2D
maps used are pixellated according to the HEALPix system
(see [8]): a map of resolution parameter Ns is written as a
vector m of size Ne = Ns × Ns × 12. Its spherical harmonic
coefficients are indicated by m̃ = Sm where S is a Na × Ne
matrix describing the spherical harmonic transform. We
denote by W the redundant wavelet transform of dimensions
Ne × Nw , Nw > Ne , and we write m = Wm̂ where m̂
are the wavelet coefficients of m. The forward transform
is indicated by WT and we choose tight frames so that
WWT = c Id, with c > 0 a constant. The norm of a matrix
||Ax||2
.
A is defined as ||A||2 = maxx6=0
||x||2
We are trying to solve the problem:
minimize ||Σ−1/2 [õ − B̃
ŝ∈H

C
X
c=1

A·c SWŝc ]||22 +

C
X

λc ||ŝc ||1

c=1

+ιC1 (SWŝ) + ιC2 (Wŝ)
(4)
where H = RNw ×C , ŝ is a vector containing the wavelet
coefficients of the C components ŝc , A·c transforms a Na
vector into a Na I vector according to the spectral signature of
the component, B̃ is a (Na I) × (Na I) matrix containing the
spherical harmonic transform of the beam for each channel,
and Σ−1/2 is the square root of the covariance matrix between
each channel (assuming an independent additive noise in
spherical harmonic space). Finally C1 (respectively C2 ) is a
convex subset that constrains the components in harmonic
space (respectively in image space). Note that since this cost
function is coercive, there exits at least one solution to this
problem (see [6] for more details).
Obviously the problem described in (4) can be seen
as a special instance of the framework formulated in (2).
In a bayesian framework, the `2 discrepancy function
weighted by the covariance matrix of the noise can be
interpreted as the anti log-likelihood associated with additive
gaussian noise and the `1 regularization term as the potential
associated to laplacian priors on the wavelet coefficients
of the components. It can also be noticed that we take
into account the convolution with the beams in the model
described in equation (4) . In the next section, we present the
simulations and the algorithms we used to solve such problem.
III. M ETHODS
A. 1D simulation
In a preliminary work, we used a 1D toy model in order
to investigate whether the idea of combining an iterative
constrained restoration (i.e. solving Eq. 1 with an approximate
mixing matrix A using proximity operators), may improve
component separation.

1) Simulation: We have considered four 1D sources of
length 2048 elements obtained from a simulation using the
Planck Sky Model (PSM), corresponding to the CMB, freefree, synchrotron and thermal emission from interstellar dust
at a middle galactic latitude. We considered as the true mixing
matrix an matrix obtained using GMCA on a PSM simulation
of the full sky was then and employed this matrix to simulate
four observations (corresponding to frequencies 30, 100, 143
and 857 GHz).
The data were then degraded by circular convolution with
an appropriate gaussian PSF and with an independent and
identically distributed gaussian noise added to each channel
according to the specifications of the Planck instruments at
these frequencies [1]. Note that circular convolutions allowed
to avoid edge artifacts during deconvolution, a problem that
would not be present in the full sky data. Accordingly, we
consider for S in this case the digital fourier transform instead
of the spherical harmonic transform.
b was then
An imperfect recovered mixing matrix A
simulated by adding a uniform error of 10% on all
components of the mixing matrix.
2) Algorithm: We have applied the following forwardbackward algorithm (FBA) described in [4] in the wavelet
domain, without imposing any constraint in either Fourier or
image space domain:


ŝ(n+1) = ŝ(n) + τ proxγf1 (ŝ(n) − γ∇f2 (ŝ(n) )) − ŝ(n) (5)
PC b
2
where f2 (ŝ) = ||Σ−1/2 [o − B c=1 A
·c Wŝc ]||2 (defined
in image space) and f1 is a weighted P
`1 norm promoting
C
sparsity in the wavelet domain f1 (ŝ) = c=1 λc ||ŝc ||1 . The
parameter τ was equal to 1, and the parameter γ was equal to
b 2 + ) with  > 0 so as to guarantee convergence of
2/(||BA||
2
the algorithm. This algorithm converges weakly to a solution
of the problem described in (4) (see [4]). We also used the Fast
Iterative Soft Thresholding Algorithm (FISTA) approach (see
[9]) to enhance the convergence speed of the objective function
(but losing the convergence proof [7]), which experimentally
led to faster convergence to the solution.
Note that for a function f ∈ Γ0 (H), the operator proxf :
H → H is defined as
1
proxf x = argmin f (y) + ||x − y||22
2
y∈H

(6)

and has been introduced by Moreau as a generalization of
convex projection [10]. The proximity operator of the `1
norm is the well-known soft-thresholder, and the proximity
operator of the indicator function of a convex subset C is
the convex projection onto C. For a review of the properties
of proximity operators and other closed-form expressions for
various functions f ∈ Γ0 (H), we refer the reader to [7].
For this 1D simulation, W is implemented as the translation
invariant 4-coefficient Daubechies wavelets with 7 levels of
decomposition. The hyperparameters λc were chosen equal to
3σ of the noise in the source considered reconstructed with
the pseudo-inverse (as in [2]).

B. Full sky simulation
We then considered the problem of estimating the sources
in a more realistic full sky simulation, with resolution
paramater Ns = 512.

with Σ is the covariance matrix of the noise after deconvolution (assuming no correlation between channels i), and
PC
f1 (ŝ) = c=1 λc ||ŝc ||1 + ιC1 (SWŝ) + ιC2 (Wŝ)
(9)
= f3 (ŝ) + f4 (ŝ) + f5 (ŝ)

1) Simulation: We considered five 2D sources: the CMB,
free-free, synchrotron, spinning dust and thermal dust components. The map of these sources were generated at the 9
Planck frequencies using the PSM. They were then cut at
multipole ` = 1024 so that they are adequatly band-limited
with respect to the resolution parameter of the maps (for a
map with resolution parameter Ns , the HEALPix spherical
harmonic transform is accurate up to a multipole ` of 2 × Ns ,
with errors at higher multipoles that can be greater than 10%
of the expected value).
We then estimated the columns of a global mixing matrix
(except for the CMB, the column of which is known according
to Planck frequencies) as well as a mean map for each
source using least squares, given the sources at the different
frequencies from the PSM. We basically want the linear model
described in equation (1) to be valid with a single mixing
matrix for the whole sky (in this simulation the spectral indices
do not vary spatially).
As before, we then generated the observations by multiplying the mean maps with this global mixing matrix and
by taking into account an appropriate gaussian PSF and an
independent and identically distributed gaussian noise added
to each channel according to the specifications of the Planck
instruments at the considered frequencies.
b was then
An imperfect recovered mixing matrix A
simulated by adding a uniform error of 5% on all components
of the mixing matrix, except for the column of the CMB that
is expected to be fully known.

is the sum of 1) f3 , a weighted `1 norm promoting sparsity
in the wavelet domain, 2) f4 , the indicator function of C1 , a
convex subset enforcing band-limited solutions and 3) f5 , the
indicator function of C2 , bounding the value of reconstructed
components in image space. As in the 1D simulation, the
b 2 + )
parameter τ was equal to 1, γ was equal to 2/(||A||
2
so as to guarantee convergence of the algorithm. We also
implemented the FISTA approach.

2) Algorithm: To accelerate the algorithm, we first
performed deconvolution of the observations in spherical
harmonic space: each channel i was first multiplied with the
inverse filter of the PSF up to a multipole (`m )i . Signals
above this level were set to zero. This operation is noted B̃† õ
in the following.
We then applied FBA in the wavelet domain (converging
weakly as before to a solution of the considered problem),
and we also took into accounts constraints described in
equation (4). We first impose bounds on the reconstructed
values in image space: they should belong to the interval
bounded by the minimal and maximal values with an added
5%. Secondly, we constrained the recovered component to
be band-limited in spherical harmonics with no signal above
multipole ` = 2 × Ns .
The algorithm was therefore as before:


ŝ(n+1) = ŝ(n) + τ proxγf1 (ŝ(n) − γ∇f2 (ŝ(n) )) − ŝ(n) (7)

IV. R ESULTS AND F UTURE WORK
A. 1D simulation

However, now:
f2 (ŝ) = ||Σ

Since there is no closed form expression of the proximity
operator of f1 , we employed two nested Douglas-Rachford
(DR) algorithms to compute the proximity operator of f1 at
z, as in [6] and [11]. As a very brief review (see [5] for
details), the DR algorithm minimizes the sum of two functions
g1 , g2 ∈ Γ0 (H) as below:
 (n+1/2)
ŝ
= proxνg2 ŝ(n)
(n+1)
ŝ
= ŝ(n) + µ(proxνg1 (2ŝ(n+1/2) − ŝ(n) ) − ŝ(n+1/2) )
(10)
and converges strongly here if argmin g1 + g2 6= ∅,
rint dom g1 ∩ rint dom g2 6= ∅ (where rint indicates the
relative interior) and g2 is strongly convex [6]. Note that in our
case we had C1 ∩C2 6= ∅ and rint dom ιC1 ∩rint dom ιC2 6= ∅.
In a first step, we evaluated the value at z of the proximity
operator associated to the strongly convex g2 (·) = γf1 (·) +
1
|| · −z||22 and g1 (·) = f4 (·) + f5 (·) and in a second step, we
2
evaluate the proximity operator of f4 + f5 at z 0 using the DR
1
algorithm with the strongly convex g20 (·) = f4 (·) + || · −z 0 ||
2
and g10 (·) = f5 (·).
For the choice of W, we chose Meyer wavelet packets,
with filters in harmonic space displayed in figure 2 for
Ns = 512. These wavelets were chosen so that we had a tight
frame representation and so that the transfer function of the
deconvolution filter did not vary too much inside each band
for all channels (similarly to the mirror wavelet basis approach
described in [12]). Note that the Meyer wavelet packets in
harmonic space are similar to the needlets proposed in [13]–
[15].
Finally, the hyperparameters λc were chosen according to
the optimality conditions of the `2 + `1 problem. One of the
two fix-point condition states that for the null components of
the solution, the component values after backprojection of the
residual are less than λc (see [16]). Therefore, we can use the
b as an indicator of the soft threshold
norm of the columns of A
values (here we chose exactly the column norm for the λc ).

−1/2

†

[B̃ õ −

C
X
c=1

b ·c SWŝc ]||2
A
2

(8)

We first compared the results provided by the algorithm
implementing (5) in presence of noise to the results obtained
using the pseudo-inverse of matrix A (Generalized Least

Fig. 2.
Meyer Wavelet Packet
filters used for the full sky simulation, up to a multipole ` =
1024 = 2 × Ns , with scales
numeroted from the finest to the
coarsest. Above multipole ` = 640
(resp. ` = 960) the first Planck
channel (resp. second) was set to
zero. Mirror-like filters were used
to avoid important noise amplification due to large values in the
deconvolution filter close to these
multipoles. Note that we used the
square root of these filters for decomposition and reconstruction.

Squares approach, or GLS) in the absence of noise. Both methods were based on the approximation of the mixing matrix
described in the previous section. The proposed algorithm was
iterated 1000 times, and we experimentally checked that there
was no further changes when iterating more.
The results are presented for all components in Figure 3.
The biases obtained were measured as the log of the absolute
value of the difference between the reconstructed components
and their reference values.
In this situation, the sparsity constraint allows to reduce the
important biases in the free-free and synchrotron components
observed in the GLS approach. These biases are related to
the high correlations between the spectral signatures of these
two components in the original and approximate matrix (i.e.
both matrices are ill-conditioned), which results in GLS in the
recovery of non-sparse mixtures of components. The CMB
component, also correlated with both free-free and synchroton,
is also better recovered even though the mixing matrix is only
approximated. The dust component is not improved because
this component is poorly correlated with the other ones even
after approximation of the mixing matrix. These results are
therefore a first indication that adding constraints may improve
the solution when using only an approximation of the mixing
matrix.
B. Full sky simulation
We applied a similar approach as in the previous simulation.
We iterated 500 times the algorithm implementing equations
(7-9), initialized with a pseudo-inverse reconstruction with
hard-thresholding at 3-σ of the noise (as in [2]) and using 4
iterations at most for the nested algorithms. This initialization
was chosen so as to less iterate the algorithm, each iteration
lasting approximately 50 s using 40 2.4 GHz AMD opteron
processors (most of the time being spent in the several
spherical harmonic transforms and inverse transforms for each
step). We then compared the results to a GLS reconstruction
after deconvolution with B̃† . For the analysis of the results,
we utilized the masks shown in Figure 4. Both algorithms
e and employed in a noisy
were based on the approximate A
scenario.

No mask

1% Mask

4% Mask

26% Mask

GLS

1.273

0.513

0.288

0.081

Proposed

0.036

0.023

0.015

0.011

TABLE I
RMSE IN M K THERMODYNAMIC FOR THE MASKS OF F IGURE 4.

The reference CMB map is displayed in Figure 5, the
GLS reconstructed map is shown in Figure 6 and the CMB
map reconstructed with the proposed restoration approach in
Figure 7. Figure 6 illustrates that taking the pseudo-inverse
of the approximate mixing matrix leads to important errors
in an extended part of the reconstructed map. Performing
constrained restoration with the proposed algorithm leads to
reduced errors that seems more localized in the galactic plane,
as seen in Figure 7.
These observations are further visually confirmed in Figures
8 and 9, displaying respectively the residual between the GLS
CMB map and the reference, and the residual between the
CMB map obtained with the proposed constrained restoration
and the reference. Not only does the proposed approach lead
to more localized (and reduced) errors in the galactic plane,
but it also reduces the error in the high galactic latitudes.
These statements are quantified in Table I, which shows
the root mean square errors in the CMB maps for the GLS
approach and the proposed constrained restoration algorithm
for the various masks of Figure 4. For the largest mask,
covering a significant part of the sky, we have a factor 7
decrease with the proposed approach compared to GLS.
C. Discussion and perspectives
Both 1D and full sky simulations indicate that performing
constrained restoration after deconvolution lead to smaller
errors compared to GLS when an approximate mixing matrix
is used. These results are encouraging for further investigation.
To further validate our approach, we need to reconstruct
the CMB maps in more realistic scenarios. Firstly we should

directly use an approximate mixing matrix obtained from
a blind or semi-blind source separation technique (such as
GMCA) instead of modeling approximations with uniformly
distributed errors. Secondly we should test our approaches
when the spectral index of the components is allowed to vary
spatially, such as expected for dust. Thirdly we should use
more complex models of the noise than a mere independent
and identically distributed model.
Using the pseudo-inverse mixing matrix from GMCA may
reduce the errors observed with the currently approximated
mixing matrix. Note however that if sparsity of the components
in the wavelet domain is also a key ingredient in GMCA to
estimate the mixing matrix, there is no guarantee that using
the pseudo-inverse of such matrix leads to sparse solutions.
Indeed, even hard thresholding the reconstruction after pseudoinverse may not lead to good separation of sparse components
since each channel would be processed separately, contrary
to what performed in the proposed approach where unmixing
and thresholding are intertwined.
In our simulations, the approximate mixing matrix affects
differently regions of the sky, with more dramatic errors close
to the galactic plane as expected, but the general bilinear
model described in equation (1) is enforced. It is difficult
to extrapolate our results to the case where a single mixing
matrix is estimated for the whole sky, but with varying
errors across the sky. Our model of the noise is also clearly
too simple, since the root mean square of the noise is also
expected to vary spatially in Planck data and therefore using
the covariance in spherical harmonics space may not be the
most relevant choice.
In the full sky simulation, we used various penalty terms in
image space, spherical harmonics and wavelet space so as to
illustrate different type of constraints that can be employed in
the framework described in II-B as well as to demonstrate that
we can still use an iterative algorithm with multiple spherical
harmonic transforms per iteration.
In the proposed approach, the constraints in image space
were active and were useful to limit galactic components leakage into the CMB maps. The band-limiting constraints were
also crucial to avoid any aliasing of high multipoles ` into the
reconstructed maps. Indeed, both thresholding and bounding
in image space can generate signals at high multipoles even
if the maps are originally band-limited, since these operations
often lead to very local modifications.
We are currently investigating how to integrate more physically motivated constraints using either ancillary maps (such as
the Haslam map for synchrotron), or even directly information
contained in the PSM.
Finally reducing computation time is still an important
issue in the proposed approach, since reconstruction of full
resolution maps with resolution parameter Ns = 2048 would
be too long in the current implementation, already using
Open-MP threading with 40 processors. We are therefore also
investigating ways of speeding up the algorithm using faster
spherical harmonic transforms provided by HEALPix.
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Fig. 3. Bias in components after
reconstruction with the imperfect
matrix (solid black lines) without
any noise, and using a sparsity constraint with the algorithm described
in (5) in presence of noise (solid
red lines). For all components except dust, the proposed approach
lead to a large decrease in the observed bias compared to only using
the (approximate) pseudo-inverse
to recover the components.

Fig. 4.
Masks used for the
analysis of the results obtained in
the full sky simulation. In light
red, approximately 26% of the sky
is masked, mainly in the galactic
plane, in green 4% of the sky is
masked, and in blue only 1%.

Fig. 5.
Reference map for the
CMB, used in the full sky simulation. Units are in mK thermodynamic.

Fig. 6. CMB map reconstructed
using the GLS approach in the full
sky simulation. Large galactic contaminations can be observed in an
extended part of the map. Units are
in mK thermodynamic.

Fig. 7. CMB map reconstructed
using the proposed constrained approach in the full sky simulation. Reduced galactic contamination can be observed compared to
Figure 6, which seems to be localized in the galactic plane. Units are
in mK thermodynamic.

Fig. 8. Residual between CMB
reconstruction with GLS and reference CMB map. Units are in mK
thermodynamic.

Fig. 9. Residual between CMB
reconstruction with the proposed
constrained approach and reference
CMB map. Units are in mK thermodynamic.

