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ABSTRACT

Polarized synchrotron emission from ultra-relativistic electrons spiraling the Galactic magnetic field has become one of the most
relevant emissions in the Interstellar medium these last years due to the improvement in the quality of low-frequency observations.
One of the recent experiments designed to explore this emission is the QUIJOTE experiment.
In this work, we aim to study the spatial variations of the synchrotron emission in the QUIJOTE MFI data, by dividing the sky into
physically separated regions. For such task, we firstly use a novel component separation method based on artificial neural networks
to clean the synchrotron maps. After training the network with simulations, we fit both EE and BB spectra by assuming a power-law
model. Then, we give estimations for the index αS , the amplitude, and the ratio between B and E amplitudes.
When analyzing the real data, we found a clear spatial variation of the synchrotron properties along the sky at 11 GHz, consistent
with previous analyses, obtaining a steeper index in the Galactic plane of αEE

S = −3.1 ± 0.3 and αBB
S = −3.1 ± 0.4 and a flatter one at

high Galactic latitudes of αEE
S = −3.05 ± 0.2 and αB

S = −2.98 ± 0.27. We found average values at all sky of αEE
S = −3.04 ± 0.21 and

αBB
S = −3.00± 0.34. Furthermore, after obtaining an average value of AEE

S = 3.31± 0.08 µK2 and ABB
S = 0.93± 0.02 µK2, we estimate

a ratio between B and E amplitudes of ABB
S /A

EE
S = 0.28 ± 0.08.

Based on the results we conclude that, although neural networks seem to be valuable methods to apply on real ISM observations
and in future QUIJOTE MFI2 data, combined analyses with Planck, WMAP and/or CBASS data are mandatory to reduce the noise
contamination from QUIJOTE estimated maps and then improve the accuracy of the estimations.
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. Introduction

he interstellar medium (ISM) is a complex physical system
here several emissions undergo abrupt state changes when in-

eracting with each other and with the Galactic magnetic field
Draine 2011), displaying significant variability across all scales.
o characterize this complexity, phenomenological models are
eveloped based on observations from ground-based and satel-
ite experiments, as well as accurately inferring the physical be-
avior of these emissions at scales not yet observed (The Pan-

Experiment Galactic Science Group 2025).

In recent decades, several experiments have helped constrain
many properties of the ISM, especially in the microwave band.
In particular, observations from the Planck satellite (Planck Col-
laboration et al. 2020a) have provided unprecedented, detailed
maps on both the temperature and polarization emissions. While
Planck has released detailed temperature and polarization maps
of interstellar dust emission (Planck Collaboration et al. 2014,
Planck Collaboration et al. 2015), which have led to improve-
ments in theoretical models (Hensley & Draine 2021), many
properties of synchrotron emission produced by ultra-relativistic
electrons spiraling along the Galactic magnetic field remain

poorly constrained, especially due to the lower sensitivity of the
instruments measuring the lowest frequencies of the microwave
spectra, although efforts have been made recently by the Be-
yondPlanck and COSMOGLOBE Collaborations to published
refined maps of the emission (Watts et al. 2024).

In principle, polarized synchrotron emission is generally
modeled by a power-law spectral behavior:

Xν = A
(
ν

νS

)βS

, (1)

where Xν represents each Q and U Stokes parameter maps, AS is
the brigthness temperature at the pivot frequency νS = 30 GHz
and βS is the spectral index, which is assumed to be equal for
both Q and U maps. This model emission can also be character-
ized by fitting both EE and/or BB spectra for a certain multipole
range by following the parametrization described in Krachmal-
nicoff et al. (2018):

CXX
l = AXX

(
l

80

)αXX

, (2)
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where X ∈ {E, B}, AXX is the amplitude of the spectrum at the
pivot multipole l = 80, and the index αXX is the slope of the
multipole dependence.

Early measurements from WMAP (e.g., Page et al. 2007;
Gold et al. 2011) provided large-scale maps of synchrotron po-
larization and inferred a typical spectral index in polarization of
βS ≈ −3.0 with significant spatial variation, especially near the
Galactic plane and along filamentary structures. After that, the
Planck Low Frequency Instrument (LFI) extended this analysis
with improved sensitivity and resolution, giving an average in-
dex in polarization of βS ≈ −3.1 ± 0.1, in combination with
WMAP (Planck Collaboration et al. 2020b).

More recent analyses using the same observations alone or in
combination with other surveys have better constrained the syn-
chrotron parameters. Particularly, Fuskeland et al. (2014) have
exploited the WMAP 23 and 33 GHz frequency channels us-
ing two parallel methodologies: T–T plots and maximum like-
lihood estimation across 24 sky regions physically different be-
tween them, obtaining a more constrained spatial variation in the
synchrotron index, with an average of βS = −2.98 ± 0.01 at the
Galactic plane and βS = −3.12 ± 0.04 at high Galactic latitudes,
and with an average value at all sky of βS = −2.99±0.01. More-
over, Krachmalnicoff et al. (2018) used the S-Band Polarization
All Sky Survey (SPASS) data in the range of 2.3 and 33 GHz
with several latitude cuts, finding αE

S ≈ α
B
S = −2.59 ± 0.01,

AE
S = 2.2±0.2µK2, AB

S = 1.9±0.2µK2 and AB
S /A

E
S = 0.87±0.02

for |b| > 20◦ (30% of the sky), and an average constant value at
all sky of βS = −3.22 ± 0.08.

After that, Fuskeland et al. (2021) joined this data with
WMAP 23 GHz one on the same regions described in Fuskeland
et al. (2014), and by using a T-T plot methodology, confirming
the past analyses concerning the synchrotron spatial variability
along the sky, obtaining an index of βS = −2.98 ± 0.01 at the
Galactic plane and βS = −3.12 ± 0.04 at high Galactic latitudes,
and with an average value of βS = −3.24 ± 0.01 taking into ac-
count the Faraday correction.

More recent analyses, such the ones from Martire et al.
(2022), Weiland et al. (2022) and Watts et al. (2024) have
reached similar results. In the first case, they combined WMAP
23 GHz channel with 30 GHz Planck one and fitted both EE and
BB spectra by assuming a power-law model as in Equations (1)
and (2) for a set of six sky regions covering from 30 to 94% of the
sky, and finding αE

S = −2.95± 0.04 and αB
S = −2.85± 0.14, with

a ratio between B and E amplitudes of r = AB
S /A

E
S = 0.22 ± 0.02

for the 94% case. In the second analysis, they also found a
clear spatial variability on synchrotron using SPASS, WMAP
and Planck, reaching a synchrotron spectral index in the range
−3.4 ≲ βS ≲ −3. Finally, Watts et al. (2024) analysis, which is a
reprocessed set of maps produced by the COSMOGLOBE Col-
laboration from all WMAP and Planck LFI frequency ones, led
to significantly lower instrumental systematics than the legacy
products from each experiment. They thus found a spectral in-
dex βS = −3.07 ± 0.07 at 30 GHz, and a mean ratio between B
and E amplitudes of r = AB

S /A
E
S = 0.39 ± 0.02.

All these analyses have confirmed the importance of hav-
ing data from several experiments with different sensitivities and
coverage to be joint together, especially in the low-frequency
range. This is precisely the main idea behind the QUIJOTE
(Q-U-I JOint Tenerife Experiment) experiment (Rubiño-Martín
et al. 2023), which have observed the northern sky between 2012
and 2018, and that it is now re-observing it with a more precise
instrument called MFI2 (Hoyland et al. 2022).

QUIJOTE MFI maps have allowed to give more constrains
about the synchrotron parameters, for example by fitting the
EE and BB power spectra with different Galactic cuts (Rubiño-
Martín et al. 2023), obtaining αE

S = −3 ± 0.16 and αB
S =

−3.08 ± 0.42, and a ratio between B and E amplitudes of r =
AB

S /A
E
S = 0.26 ± 0.07, and also by running a parametric com-

ponent separation method (de la Hoz et al. 2023), reaching an
average spectral index of βS = −3.08 ± 0.13.

In this work, we aim to extend the findings of these two
approaches by investigating more about the spatial variability
of the polarized synchrotron emission in the public QUIJOTE
MFI observations with the use of a novel component separation
method based on artificial neural networks, initially presented in
Casas et al. (2022), for separating the cosmic microwave back-
ground (CMB) in temperature maps, and thus extended to polar-
ization CMB maps in Casas et al. (2023). The main motivation
to use this kind of methodology is the ability of neural networks
to find non-trivial patterns in non-linear data, which is precisely
the ones governing the physics of the microwave polarization
sky. Section 2 describes the data and realistic simulations we
use in this work. Section 3 summarizes the methodology. Sec-
tion 4 presents the results when applying the network to both
realistic simulations and observations and Section 5 shows our
conclusions. Appendix A presents a summary of the theoretical
framework of our component separation method, and Appendix
B shows more results for completeness.

2. Data

2.1. QUIJOTE MFI observations

The QUIJOTE (Q-U-I JOint Tenerife Experiment, Rubiño-
Martín et al. (2023)) project is a ground-based polarimetric ex-
periment focused on studying the polarization of the cosmic mi-
crowave background (CMB) as well as various Galactic and ex-
tragalactic processes1. It operates in the 10-40 GHz frequency
range and mainly targets large angular scales. The experiment
is situated at the Teide Observatory in Tenerife, at an altitude
of roughly 2400 meters, where meteorological conditions are
highly stable for observing the sky.

QUIJOTE comprises two telescopes outfitted with three in-
struments: the Multi-Frequency Instrument (MFI), the Thirty-
GHz Instrument (TGI), and the Forty-GHz Instrument (FGI),
which observe in the 10-20 GHz, 26-36 GHz, and 39-49 GHz
bands, respectively.

The MFI operated from November 2012 until October 2018,
during which it carried out two types of surveys: (i) a wide-
area Galactic survey covering the sky visible from Tenerife at
elevations above 30◦, and (ii) a deep cosmological survey span-
ning about 3000 square degrees across three separate regions in
the northern hemisphere. These low-frequency observations are
essential for improving our understanding of foreground emis-
sions, since the instruments aboard experiments such WMAP
and Planck could not characterized efficiently most of the rel-
evant processes in the sky due to their sensitivities at the lowest
channels.

In this work, we use the MFI observations at 11, 13, 17 and
19 GHz, which are publicly available. The 11 GHz Q sky is
shown in Figure 1, left panel.
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Fig. 1: Mollview projection of the data used in this work. Left panel: QUIJOTE Q MFI sky at 11 GHz. Right panel: polarized
synchrotron regions defined by Fuskeland et al. (2014). It is shown in grey the regions that cannot be used in this work due to
QUIJOTE coverage and patch sizes.

Table 1: Central positions in longitude and latitude ([lon, lat])
in degrees of the square patches into we divide the sky in this
work. Each patch covers a total of 29.44 square degrees of the
sky. The regions are the ones defined in Fuskeland et al. 2014
and displayed in Figure 1.

Region (R) Patch position
1 [60◦, 75◦]
2 [160◦, 45◦]
3 [60◦, 45◦]
4 [340◦, 90◦]
6 [200◦, 45◦]
8 [120◦, -30◦]
9 [275◦, -75◦]
13 [45◦, 45◦]
17 [90◦, 0◦]
18 [135◦, 0◦]
19 [165◦, 0◦]
20 [225◦, 0◦]

High Galactic Latitudes (HGL) R1 to R13
Galactic Plane (GP) R17 to R20

2.2. QUIJOTE MFI simulations

The simulations used in this work include both Galactic and ex-
tragalactic emissions at the frequencies covered by QUIJOTE,
as well as the CMB and instrumental noise consistent with QUI-
JOTE sensitivity levels. The CMB simulation was obtained from
the Planck Legacy Archive website (PLA2), as a lensed real-
ization developed from the published cosmological parameters.
On the other hand, Galactic dust emission was modeled using
the d10 model from the Python Sky Model (PySM, (Thorne
et al. 2017)), while Galactic synchrotron emission follows the s5
model, also from PySM. This synchrotron model has the particu-
larity that it has no curvature although having spatial variability
of the spectral index along the sky inside WMAP and Planck
observational bounds3. We thus have selected this model to not
give the neural network prior information about curvature data,
1 https://research.iac.es/proyecto/quijote/
2 http://pla.esac.esa.int/pla/#home
3 The reader is encouraged to follow the PySM docu-
mentation in order to find more information about this:
https://pysm3.readthedocs.io/en/latest/models.html

in order to evaluate if it is capable of find some insights when
validating with the observations.

Anomalous microwave emission and radio point sources
were added for completeness using, for the first, the a2 model
from the PySM, and for the second the software CORRSKY
(González-Nuevo et al. 2005) and the model by Tucci et al.
(2011) in intensity, with a final extrapolation to polarization by
using the estimated parameters by Bonavera et al. (2017) at low
microwave frequencies.

We then generate three types of datasets: one for training the
neural network, consisting on 10000 simulations, one for testing,
formed by 1000 ones, and another for validation, constructed
with 100 more simulations for each region. Each simulation cen-
tered on a given position (which is the same for all the 11, 13, 17,
and 19 GHz QUIJOTE channels), is called Input Total patches in
this work, plus the synchrotron map at 11 GHz, which is stored
for each simulation as a label.

The simulations are thus constructed as follows: Firstly, a
random central position at a certain position in the sky is se-
lected for each patch. Then, the maps are cut into square patches
of 256×256 pixels, with each pixel having the QUIJOTE angu-
lar resolution (approximately 6.9 arcmin). Next, point sources
are injected into the patches, and a FWHM of 1◦ is applied. Fi-
nally, instrumental noise is added on each patch based on QUI-
JOTE MFI wide survey sensitivity (43.1, 38.2, 36.4 and 34.8 µK
per pixel on each channel (Génova-Santos et al. 2015)), which
allows us to have different realizations for each simulation.

For validation, both observations and simulations are cut into
sky patches of regions physically similar but different with re-
spect to the other ones, as described in Fuskeland et al. (2014).
This allows to properly study the spectral variations on syn-
chrotron emission across the sky. In the case of simulations, we
cut 100 patches for each region. In the case of the observations,
we cut a single patch for each one.

An example of the patches used in this work at 11 GHz is
shown in Figure 2, being the simulated sky at the top row, left
column, the observations at the same sky location at the top row,
center column, and the synchrotron model at the bottom row, left
column.
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Fig. 2: Example of the kind of data we are using in this work, which represents in this case a patch of the Q sky as seen by
QUIJOTE MFI in the North Polar Spur (sky Region 13) at the position [lon, lat] = [45◦, 45◦] for, from top to bottom and left to
right: our simulations, the QUIJOTE MFI observations at 11 GHz, the difference between them, the synchrotron patch output from
the neural network, the output from the same trained network but using the real data, the difference between these two last maps,
the synchrotron s5 model at this sky patch and then the difference between the outputs from the network and the synchrotron model
when using both simulations and observations, respectively. Colorbars show the µkCMB units for each patch.

3. Methodology

An artificial neural network is a machine learning framework
composed of computational nodes, known as neurons, which are
structured into multiple layers. Each neuron contains a set of
weights that are adjusted during the training process. As input
data propagate through the network, a loss function is evaluated
at the output layer. This loss is minimized to compute a gradient
that updates all the weights across the network using backprop-
agation. Once this update is complete, the process repeats for a
new training cycle, known as an epoch. This iterative learning
process then constitutes an optimization problem.

Neural networks are particularly effective for image-related
tasks, since image data can be represented as two-dimensional
arrays. A common application is image segmentation (Long
et al. 2015). In such cases, the learnable parameters are orga-
nized into matrices known as kernels. This kind of networks
are then suitable for component separation processes, where the
physical emissions present a high complexity and non-linearity.
In this study, we adapt and extend the Cosmic Microwave Back-
ground Extraction Neural Network (CENN), initially introduced
in Casas et al. (2022) to separate the CMB with respect to fore-
grounds in intensity maps, and then extended to polarization
maps in Casas et al. (2023).

This network is a fully-convolutional one that builds upon
the U-Net architecture (Ronneberger et al. 2015). It is designed
to reconstruct clean microwave maps from noisy background
data. The theoretical foundations of such architectures for multi-
frequency image processing are covered in Goodfellow (2010),
while the physical ones are described in detail in Appendix A.
While those references provide comprehensive explanations, we
include here a concise summary of the network’s structure and
functionality.

The network begins by ingesting the so-called Input Total
patches, which contain sky maps at multiple frequencies. In this
work, we aim to use QUIJOTE MFI data only, i.e. 11, 13, 17
and 19 GHz. This input data passes through six encoding blocks
where convolutional filters are applied to extract features across
various channels. An activation function introduces non-linearity
to allow more complex patterns to be learned. After the encod-
ing stage, the data passes through six decoding blocks, where
deconvolutional operations reconstruct the signal. Each decod-
ing block is linked to its corresponding encoder via skip con-
nections, enabling the network to recover fine-grain details by
comparing and integrating feature maps from both stages. The
final layer outputs a patch representing the estimated map. This
output is then used to compute the loss, which drives weight up-

Article number, page 4 of 14



J.M. Casas et al.: Synchrotron and QUIJOTE data with CNN

conv1

conv2

conv3

conv4

conv5

conv6

deconv1

deconv2

deconv3

deconv4

deconv5

(256, 256, 3)

(128, 128, 8)

(64, 64, 16)

(32, 32, 64)

(16, 16, 128)

(8, 8, 256)

(4, 4, 512)

(8, 8, 512)

(16, 16, 256)

(32, 32, 128)

(64, 64, 32)

(128, 128, 16)

(8, 8, 256)

(16, 16, 128)

(32, 32, 64)

(64, 64, 16)

(128, 128, 8)

(256, 256, 1)

Fine-grained features addition

(256, 256, 4)

(256, 256, 1)

Fig. 3: Scheme of the architecture of the neural network used in this work. We show for visualization purposes the kind of input and
output patches the network reads and outputs, respectively.

dates during training through gradient descent and backpropaga-
tion. The cycle then continues with the next epoch.

The full network architecture is depicted in Figure 3 and
comprises six convolutional (encoder) blocks, each including
convolution and pooling layers with kernel sizes of 9, 9, 7, 7,
5, and 3 pixels, and kernel counts of 8, 2, 4, 2, 2, and 2, respec-
tively. These layers employ 8, 16, 64, 128, 256, and 512 filters
and use a downsampling factor of 2. Padding type "Same" is ap-
plied throughout to preserve spatial dimensions. After that, six
deconvolutional (decoder) blocks are connected and use similar
deconvolution and pooling layers with kernel sizes of 3, 5, 7, 7,
9, and 9, and kernel counts of 2, 2, 2, 4, 2, and 8. The associated
filter counts are 256, 128, 64, 16, 8, and 1. The same downsam-
pling factor and padding strategy are used here, and all layers
use the leaky ReLU activation function.

4. Results

4.1. Validation by simulations

We consider for validation a dataset formed by 100 simulations
for each sky region. For each region, we take the patches cen-
tered at the positions listed in Table 2. The network then outputs
100 synchrotron Q and U patches at 11 GHz for each region. An
example of an output patch is shown in Figure 2, where the out-
put from the network is shown at the middle row and the left col-
umn, and the difference with respect input, i.e. the synchrotron
s5 model, is displayed at the bottom row, middle column.

We then estimate the average EE and BB power spectra for
each 100 region patches using NaMaster (Alonso et al. 2019),
and we fit the data by assuming a power law model as described
in (1), and following the parametrization defined in (2), for mul-
tipoles in the range 50 ≲ l ≲ 200. The fitting is performed by

using the curve fit method from Scipy (Jones et al. 2001). We
then obtain estimates of the synchrotron amplitude AS and the
index αS for both EE and BB, and then we can estimate the ratio
of the amplitudes, r = ABB

S /A
EE
S .

Figure 4 presents the comparison between the synchrotron
αS index in the input s5 simulations (in blue) with respect the
estimates from the neural network (in red) at 11 GHz in the sim-
ulated QUIJOTE sky, for EE and BB in the left and right panels,
respectively, and for each sky region. The index absolute error is
shown in the bottom subpanel in black. The error bars for each
estimation represent the 1σ standard deviation for the 100 sim-
ulations. The dashed horizontal lines represent the average esti-
mates and the shaded areas display the 1σ standard deviation for
these average values.

Overall, the neural network captures relatively well the spa-
tial behavior of the index in EE, as well as the average one,
although some biases are found in BB. Particularly, there is a
strong bias for EE in Region 6, and several ones in BB, espe-
cially in Regions 8, 9, 19 and 20, suggesting localized recon-
struction challenges, probably due to low signal-to-noise ratio
(SNR, Regions 6, 8 and 9) and/or complex spatial structure (Re-
gions 18 and 20).

In summary, the neural network demonstrates overall accu-
racy in recovering the polarized synchrotron index αS , with bet-
ter performance in the E-mode component. The localized biases
identified in certain B-mode regions deserve further investigation
and may point to Galactic areas where model refinement could
improve generalization and robustness. Future trainings should
use data at frequencies where synchrotron SNR is higher in some
regions, as well as curvature data should be considered in paral-
lel with no-curvature one.
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Fig. 4: Polarized synchrotron index αS comparison at 11 GHz between the input s5 model (blue dots) and the outputs from the
neural network (in red), after fitting both EE (left panel) and BB spectra (right panel) for each sky region, while bottom subpanel
displays the absolute error between them. The average index is shown in both panels as a dashed blue and red lines, respectively.
The average difference is represented as a dashed black line. The errorbars for each point show the 1σ uncertainty for each sky
region evaluated over 100 simulations. Shaded colored areas show the 1σ uncertainties for each average value.

Figure 5 presents the comparison between the synchrotron
AS amplitude in the input s5 simulations (in blue) with respect
the estimates from the neural network (in red) at 11 GHz in the
simulated QUIJOTE sky, for EE and BB in the left and right
panels, respectively, and for each sky region. The index absolute
error is shown in the bottom subpanel in black. The error bars for
each estimation represent the 1σ standard deviation for the 100
simulations. The dashed horizontal lines represent the average
estimates and the shaded areas display the 1σ standard deviation
for these average values.

As shown, in both polarization modes, the network outputs
follow the overall trend of the last section, i.e. for EE, the es-
timated amplitudes are in general similar than the input ones,
mainly due to the high SNR at 11 GHz in most of the regions for
this mode. However, as in the last section, Region 6 remains the
one with the higher discrepancies with respect to the input one,
because the low SNR of this sky region. For BB, there are more
estimates that present strong biases, especially regions with low
SNR as R2, R6 and R9.

In summary, the neural network exhibits also for this quan-
tity relatively robust performance in recovering the amplitude
of polarized synchrotron emission in both E and B-mode com-
ponents, but the SNR of the simulated instrument as well as the
sky signal in some sky regions make it difficult some estimations,
especially for BB. As for the synchrotron index estimation, the
accuracy of this estimation would likely improve with the addi-
tion of training data with higher quality which consider all the
possible physical properties of polarized synchrotron emission.
This will be evaluated in a future work.

Finally, Figure 6 shows the comparison between the syn-
chrotron BB and EE amplitude ratio in the input simulations (in
blue) with respect to the ratio from the outputs of the neural net-
work (in red). Their absolute difference is shown in the bottom
subpanel in black for each sky region. The errorbars for each es-
timation show the 1σ uncertainty by propagating the errors from
the 100 simulations using

δr = r ·

√(
δABB

ABB

)2

+

(
δAEE

AEE

)2

, (3)

where δr is the uncertainty in r, δAXX is the uncertainty in the
amplitudes and AXX are the amplitudes.

The dashed horizontal line represents the mean ABB
S /A

EE
S ra-

tios, averaged from all the regions (and assumed to be the one at
all sky) and then the shaded areas presents the 1σ uncertainties
of these values.

Overall, the neural network seems to successfully reconstruct
the ratio with good agreement to the input simulations in most
sky regions. The predicted values closely follow the input dis-
tribution, with the majority of the points lying within the uncer-
tainty range. The mean of the output values remains consistent
with that of the input, suggesting that the model captures the
global behavior of the synchrotron polarization ratio, although
some regions such R6 display an unconsistent value between in-
put and output. These discrepancies may stem from the intrin-
sic variability and low signal-to-noise ratio of the synchrotron
B-mode component, which is more challenging to accurately
model.

In summary, the network demonstrates a strong ability to re-
construct the synchrotron polarization amplitude ratio across dif-
ferent sky regions, although bias, that should carefully consider
appear in low SNR regions.

4.2. Application to real QUIJOTE MFI data

Once we deduce that the results obtained by the neural network
are generally consistent with the input simulations, we decide
to test its performance on the QUIJOTE MFI real observations,
publicly available. An example of the input and output patches
of the QUIJOTE MFI observations for the North Polar Spur (Re-
gion 13) at 11 GHz are shown in Figure 2, being the input sky
represented at the top row, middle column and the output from
the network shown at the middle row and column. Also the dif-
ference with respect the synchrotron s5 model is plotted at the
bottom row, right column. Moreover, we show in the middle row
and right column the difference between the output from the net-
work and the simulations at the same point in the sky. For com-
pleteness, the same but for the input sky is displayed in the top
row, right column.
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Fig. 5: Polarized synchrotron amplitude AS comparison at 11 GHz in logarithmic scale between the input s5 model (blue dots) and
the outputs from the neural network (in red), after fitting both EE (left panel) and BB spectra (right panel) for each sky region, while
bottom subpanel displays in linear scale the absolute error between them. The average difference is represented as a dashed black
line. The errorbars for each point show the 1σ uncertainty for each sky region evaluated over 100 simulations. Shaded colored area
show the 1σ uncertainty for the absolute error average value.
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Fig. 6: Polarized synchrotron ratio comparison between B and
E amplitudes at 11 GHz between the input s5 model (blue dots)
and the outputs from the neural network (in red), after fitting
both spectra for each sky region. The bottom subpanel displays
the absolute error between them. The average ratio is shown as
a dashed blue and red lines, respectively. Shaded colored areas
show the 1σ respective uncertainties. The average difference is
represented as a dashed black line. The errorbars for each point
show the 1σ uncertainty for each sky region propagated from
ABB

S and AEE
S uncertainties using equation 3 evaluated over 100

simulations. Shaded colored area show the 1σ uncertainty for
the absolute error average value.

The main insights extracted from this particular example is
that it seems to be a difference at the middle scales between
the synchrotron s5 model and the QUIJOTE MFI observations,
which are probably synchrotron structures not properly modeled.
Moreover, once the network is trained, after comparing the dif-
ference between its outputs from the simulations and the obser-
vations, it seems that it is capable of generalize to different data
since at the bottom row and middle column of Figure 2, the net-
work is mainly recovering the synchrotron emission with some
residual instrumental noise, while for the observations it is re-

covering such synchrotron structures that were not in the training
nor validating data.

We then estimate both EE and BB spectra over each one of
the 12 sky patches to estimate the synchrotron parameters at 11
GHz in the same way as for simulations. We plot their average
value from all regions in Figure 7 at the left and right panels,
respectively, in comparison with respect to the average power
spectra of the QUIJOTE MFI sky (i.e. sky signal plus instrumen-
tal noise), which is some orders of magnitude higher at middle
scales due mainly to instrumental noise. As shown, the spectra
presents in both cases a power-law shape, which is more clear
for EE due to its higher SNR with respect to BB. Therefore, no
curvature signals seem to be visually present in this work and
the addition of more data from higher frequencies (WMAP and
Planck) and lower ones (CBASS) becomes mandatory for such
analysis.

Based on the average spectra, we then fit it individually for
each sky region by assuming a power-law behavior by following
equation 1. Results are summarize in Table 2, and represented in
Figures 8, 9 and 10.

In particular, Figure 8 presents our estimations for the syn-
chrotron αS index in the QUIJOTE real observations at 11 GHz
after fitting both EE (left panel) and BB-mode spectra (right
panel) with the same conditions than the ones described in Sec-
tion 4.1 with the simulations, and for each sky region. The error-
bars for each estimation show the statistical+systematical uncer-
tainty, where the statistical is the one from the 100 simulations
on each regions presented in the last section and the systematical
is the bias between input s5 and output also showed in the last
section for the same simulations.

Moreover, the dashed horizontal line represents the mean es-
timated synchrotron index, averaged from all the regions (and
assumed to be the one at all sky), in comparison with respect
to previous similar analyses (Rubiño-Martín et al. (2023) (black
dashed line), Martire et al. (2022) (red dashed line) and Planck
Collaboration et al. (2020b) (yellow dashed line)). Shaded areas
show the 1σ uncertainty for each average value, being in our case
the sum of statistical and systematical uncertainty value for this
average. We did not compare with Krachmalnicoff et al. (2018)
because of their different sky coverage with respect to ours, al-
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Fig. 7: Power spectra comparison at 11 GHz between the output synchrotron averaged over all the 12 sky regions (in red dots) with
respect to the power spectra of the QUIJOTE MFI sky (in blue dashed line) for EE (left panel) and BB (right panel).

Table 2: Summary of our synchrotron estimates in the QUIJOTE MFI observations at 11 GHz for each sky region. From left to right,
columns show: the sky region analyzed, for which patch central position is displayed in Table 1, the estimated amplitudes AEE

S and
ABB

S , the indeces αEE
S and αBB

S , and finally the ratio between the amplitudes ABB
S /A

EE
S . The data show on each row both the statistical

and systematical uncertainties, respectively, also averaged for the Galactic Plane regions (GP), high-latitudes regions (HGL) and all
regions, as defined in 1.

Región AEE
S [µk2] ABB

S [µk2] αEE
S αBB

S ABB
S /A

EE
S

1 0.32 ± 0.01 ± 0.02 0.14 ± 0.01 ± 0.01 -2.86 ± 0.17 ± 0.12 -3.13 ± 0.15 ± 0.23 0.44 ± 0.01 ± 0.02
2 0.24 ± 0.01 ± 0.01 0.06 ± 0.002 ± 0.02 -2.7 ± 0.2 ± 0.07 -4.1 ± 0.2 ± 0.1 0.25 ± 0.03 ± 0.20
3 0.53 ± 0.01 ± 0.01 0.07 ± 0.01 ± 0.01 -2.86 ± 0.11 ± 0.15 -1.9 ± 0.3 ± 0.2 0.14 ± 0.01 ± 0.03
4 0.54 ± 0.01 ± 0.002 0.20 ± 0.01 ± 0.000 -3.5 ± 0.1 ± 0.1 -3.8 ± 0.2 ± 0.1 0.36 ± 0.02 ± 0.003
6 0.21 ± 0.002 ± 0.02 0.12 ± 0.01 ± 0.02 -3.3 ± 0.1 ± 0.8 -2.3 ± 0.3 ± 0.4 0.50 ± 0.06 ± 0.46
8 0.46 ± 0.02 ± 0.03 0.10 ± 0.01 ± 0.002 -2.83 ± 0.16 ± 0.18 -2.8 ± 0.3 ± 0.5 0.21 ± 0.01 ± 0.02
9 0.25 ± 0.01 ± 0.01 0.10 ± 0.01 ± 0.01 -3.17 ± 0.15 ± 0.03 -3.1 ± 0.2 ± 0.6 0.46 ± 0.02 ± 0.14
13 2.50 ± 0.01 ± 0.03 0.10 ± 0.002 ± 0.02 -3.00 ± 0.06 ± 0.02 -2.71 ± 0.10 ± 0.15 0.04 ± 0.02 ± 0.02
17 11.9 ± 0.1 ± 0.1 4.60 ± 0.01 ± 0.07 -2.77 ± 0.17 ± 0.03 -2.82 ± 0.17 ± 0.19 0.39 ± 0.01 ± 0.06
18 11.1 ± 0.3 ± 0.02 5.10 ± 0.01 ± 0.03 -2.39 ± 0.34 ± 0.02 -3.50 ± 0.30 ± 0.01 0.46 ± 0.01 ± 0.01
19 7.6 ± 0.2 ± 0.1 0.36 ± 0.01 ± 0.04 -3.36 ± 0.28 ± 0.07 -3.18 ± 0.26 ± 0.50 0.05 ± 0.01 ± 0.02
20 4.17 ± 0.02 ± 0.01 0.21 ± 0.01 ± 0.01 -3.55 ± 0.17 ± 0.02 -2.61 ± 0.25 ± 0.50 0.05 ± 0.01 ± 0.05
GP 7.60 ± 0.20 ± 0.03 1.88 ± 0.01 ± 0.03 -3.10 ± 0.30 ± 0.02 -3.10 ± 0.20 ± 0.20 0.18 ± 0.01 ± 0.01

HGL 0.63 ± 0.01 ± 0.07 0.11 ± 0.01 ± 0.004 -3.05 ± 0.15 ± 0.05 -2.98 ± 0.23 ± 0.04 0.30 ± 0.02 ± 0.10
All 3.31 ± 0.07 ± 0.01 0.93 ± 0.01 ± 0.01 -3.04 ± 0.17 ± 0.04 -3.00 ± 0.24 ± 0.10 0.28 ± 0.02 ± 0.06

though as described in Section 1, we found compatible average
results.

The estimated average values of the synchrotron indeces are
αEE

S = −3.04 ± 0.21 and αBB
S = −3.00 ± 0.34, consistent with

all the previous analyses, especially with the one using the same
data (Rubiño-Martín et al. 2023), which found αEE

S = −3.00 ±
0.16 and αBB

S = −3.08 ± 0.42 for a Galactic mask of |b| > 5◦.

Furthermore, the index shows a clear spatial variability along
the sky with some of the regions showing a flatter index while
others presenting a steeper one. There are also regions show-
ing high discrepancies between αEE

S and αBB
S , some of them in-

deed inside the errorbars, thus we can infer that some biases from
training the network with a simplistic synchrotron model and/or
noise, and other ones outside the errorbars (R2, R3, R18), that
we relate to either structures not reconstructed in the B-mode
(R18) and/or low SNR regions (R2 and R3). Also, possible cur-
vature in the data, especially in the regions with higher SNR as
so the Galactic plane, could explain these discrepancies since we
did not include any curvature in the training and validating data.

Moreover, Figure 9 displays our estimates for the syn-
chrotron AS amplitude in the QUIJOTE MFI real observations
at 11 GHz, after fitting both EE (left panel) and BB-mode spec-
tra (right panel), and for each sky region. The errorbars for each
estimation show the statistical+systematical uncertainty, calcu-
lated as in the previous analysis.

We estimate average amplitudes considering all the sky re-
gions of AEE

S = 3.31 ± 0.08µK2 and ABB
S = 0.93 ± 0.02µK2,

considering both statistical and systematical uncertainties, esti-
mated as in the previous section. In the Galactic Plane, we find
AEE

S = 7.60±0.23µK2 and ABB
S = 1.88±0.04µK2 and in the outer

regions AEE
S = 0.63 ± 0.08µK2 and ABB

S = 0.11 ± 0.014µK2.
Our estimates, indeed, are also close to the Rubiño-Martín

et al. (2023) ones if we compare their Galactic cuts with ours (an
average AEE

S = 1.52 ± 0.15µK2 and ABB
S = 0.52 ± 0.15µK2 for

|b| > 5◦, and AEE
S = 0.81 ± 0.19µK2 and ABB

S = 0.18 ± 0.13µK2

for |b| > 20◦).
Although the estimates follow the expected behavior, i.e. re-

gions with low SNR would present the lower amplitudes and the
same for the high SNR regions, it seems to be an overestimation
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Fig. 8: Polarized synchrotron index αS estimates (blue dots) in the QUIJOTE MFI observations at 11 GHz by fitting EE (left panel)
and BB spectra (right panel) for each sky region. The average index is shown in both panels as a dashed blue line. The errorbars for
each point represents both the statistical and systematical uncertainties for each sky region. As a reference, we show the comparison
with Rubiño-Martín et al. (2023) (black dashed line), Martire et al. (2022) (red dashed line) and Planck Collaboration et al. (2020b)
(yellow dashed line) at similar sky mask coverages than in this work. Shaded colored areas display the respective 1σ uncertainties
for every average estimation.

of the Galactic region amplitudes since R13 appears to be lower
than theirs, and should be as known the region with the highest
SNR. This overestimation is likely due to residual instrumental
noise in the maps, and therefore it is expected to have more accu-
rate estimates either joining data from other surveys and/or with
future observations with higher sensitivity as QUIJOTE MFI2
ones.

Finally, Figure 10 shows our estimates for the ratio between
B and E amplitudes in the QUIJOTE MFI real observations at
11 GHz. The errorbars for each estimation show the statisti-
cal+systematical uncertainty. The statistical one have been es-
timated by propagating the errors from the ratio ABB

S /A
EE
S in the

simulations. The systematic one is given by the bias between in-
put and output ratio in the simulations.

The dashed horizontal line represents the average ABB
S /A

EE
S

ratio from all the regions (and assumed to be the one at all sky).
As a comparison, we show the results from previous analyses,
Rubiño-Martín et al. (2023) (in a black dashed line), Martire
et al. (2022) (in a red dashed line) and Planck Collaboration et al.
(2020b) (in a yellow dashed line). Shaded areas show the 1σ un-
certainty for each average value.

We find an average ratio of 0.28±0.08, which is closer to the
Rubiño-Martín et al. (2023) one (0.34 ± 0.1 for |b| > 5◦). Also,
we can compare with other analyses such Planck Collaboration
et al. (2020b) (≈ 0.39), Martire et al. (2022) (≈ 0.22), although
they used data at higher frequencies. As shown, our value is also
consistent with them but they had lower uncertainty, likely due
to the combination of Planck and WMAP data instead of using
QUIJOTE data only.

As in the previous sections, low SNR regions such R2, R6
and R9 present the highest uncertainties, as expected, due to the
error propagation from ABB

S and AEE
S .

5. Discussion and conclusions

In this work, we aimed to analyze the spatial variation of po-
larized synchrotron emission in the QUIJOTE MFI data by fit-
ting both EE and BB spectra on output maps from a novel com-
ponent separation technique called CENN, presented firstly in

Casas et al. (2022) with intensity maps, and then extended to
polarization ones in Casas et al. (2023).

As said before, our analysis aims to extract reliable estimates
of synchrotron parameters, such as the synchrotron index αS and
the amplitude for both E and B-modes, as so as the ratio be-
tween B and E amplitudes. The spatial variability will be studied
by considering several physically distinct sky regions, defined in
Fuskeland et al. (2014). The reason to use QUIJOTE data only
without making joint analyses with other experiments is manly
motivated by the idea to firstly evaluate the ability of this kind
of models when dealing with real data instead of simulations
(which is in fact mainly the type of training and validating data
used for evaluating the performance of this kind of models in the
literature), before implementing the model with joint data from
more experiments, such WMAP, Planck and/or CBASS, which
would be investigated in a future work.

To train and validate the neural network, we have constructed
a set of realistic simulations that incorporate all the elements
forming the microwave sky at the frequencies covered by the
QUIJOTE MFI instrument, i.e. synchrotron, dust, AME, the
CMB and radio point sources, and also we added instrumental
noise following the sensitivity specifications of the QUIJOTE
MFI instrument, but without taking into account systematic ef-
fects, although we know that this could be a simplification with
respect the real data in polarization, but we did not want to make
a complex training in this first analysis. Synchrotron emission
was modeled with the s5 PySM configuration, which assumes
a spatial variability in the spectral index between the Galactic
plane and the extragalactic regions, and also incorporates small
scale features. We have not used a curvature method in order to
not giving prior information about this kind of behavior in the
training process, to consider the possibility of finding some in-
sights of curvature in the QUIJOTE observations after validating
the network.

The simulations were cut into square patches of 256×256
pixels at the QUIJOTE’s angular resolution (approximately 414
arcseconds per pixel), covering the four MFI frequencies of 11,
13, 17, and 19 GHz. Each sky region was populated with 100 in-
dependent simulations, allowing for robust uncertainty estima-
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Fig. 9: Polarized synchrotron amplitude AS estimates in logarithmic scale in the QUIJOTE MFI observations at 11 GHz after fitting
EE (left panel) and BB spectra (right panel) for each sky region. The errorbars for each point represents both the statistical and
systematical uncertainties for each sky region.
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Fig. 10: Polarized synchrotron estimates for the ratio between
ABB

S and AEE
S amplitudes (blue dots) in the QUIJOTE MFI ob-

servations at 11 GHz for each sky region. The errorbars for
each point show both statistical and systematical uncertainties
for each sky region propagated from ABB

S and AEE
S uncertain-

ties using equation 3. The average ratio is displayed as a dashed
blue line. As a reference, we show the comparison with Planck
Collaboration et al. (2020b) (yellow dashed line), Martire et al.
(2022) (red dashed line) and Rubiño-Martín et al. (2023) (black
dashed line) at similar sky mask coverages than in this work.
Shaded colored areas display the respective 1σ uncertainties for
every average estimation.

tion. For the observational analysis, we employed the publicly
available QUIJOTE MFI maps, extracting one patch per region,
centered on the same positions used in the simulations.

After being trained with patches at random positions in the
sky, the neural network demonstrated strong performance when
recovering the synchrotron signal from simulated sky patches,
mainly found an accurate recovery of the synchrotron index for
both polarization modes, with average absolute errors below 0.5
in most of the sky regions, and generally better performance
for E compared to the B-mode. We also found a robust esti-
mation of the synchrotron amplitude, even in regions with low
signal-to-noise ratios, with small deviations appearing primar-

ily in B-mode measurements, and a consistent recovery of the
amplitude ratio, in agreement with theoretical expectations and
simulation inputs. However, as shown, the results for the B-mode
still present some variations with respect to the input ones, as
expected, since the signal is fainter than the E one, and more
sensitive to instrumental noise.

Once validated on realistic simulations, the network was ap-
plied to real QUIJOTE MFI data. Despite being trained exclu-
sively on synthetic maps, the network successfully extracted
meaningful synchrotron structures from real sky observations.
In fact, the output maps revealed mid-scale features not present
in the training data, suggesting that the neural network can gen-
eralize to Interstellar medium complexities. Moreover, we found
clear discrepancies for the synchrotron index and a systematic
overestimation of the amplitude with respect simulations (al-
though input and output simulations closely matched together)
in regions with a strong emission, that we interpret as an in-
correct modeling of the synchrotron emission, or also possible
curvature in the data. This will be further investigated in future
works.

The average values from all the regions are in general con-
sistent with previous analyses. We found αE

S = −3.04 ± 0.21
and αB

S = −3.00 ± 0.4, amplitudes of AE
S = 3.31 ± 0.08µK2 and

AB
S = 0.93 ± 0.02µK2, and a ratio between B and E amplitudes

of AB
S /A

E
S = 0.28 ± 0.08, considering systematic+statistical un-

certainties in all the cases.
We also found notable spatial variations in the synchrotron

properties output by the network, as previous analyses found for
other microwave experiments and frequencies. In particular, we
estimate that, at high Galactic latitudes (R1-R13), synchrotron
generally exhibited flatter indices, with average values of αE

S =

−3.05 ± 0.2 and αB
S = −2.98 ± 0.27, lower amplitudes (AE

S =

0.63 ± 0.08µK2 and AB
S = 0.11 ± 0.01µK2), and higher B to

E amplitude ratios (AB
S /A

E
S = 0.3 ± 0.12). On the other hand,

Galactic plane regions (R17–R20) showed steeper indices , with
average values of αE

S = −3.10±0.32 and αB
S = −3.1±0.4, higher

amplitudes (AE
S = 7.60±0.23µK2 and AB

S = 1.88±0.04µK2), and
lower B to E amplitude ratios (AB

S /A
E
S = 0.18 ± 0.02), indicating

strong E-mode dominance, as expected.
In conclusion, as we know, the physical behavior of the In-

terstellar Medium is extremely complex in polarization at these
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frequencies. Then, overall, this work is a huge step on the vali-
dation of these methods for their use in cosmic microwave back-
ground present and future data. We have presented a methodol-
ogy which can be used for foreground cleaning and separation,
in order to construct foreground templates to help to optimize
component separation methods before future observations, as so
as, with the properly data and simulations, it could be used also
as a complementary component separation method itself with
respect parametric and semi-blinds ones in order to give robust
estimates with different kind of methodologies.

Future work, as said before, will focus on extending this ap-
proach by incorporating additional data from WMAP, Planck
LFI, and/or upcoming survey data as CBASS, as so as improving
the foreground and instrumental noise modeling. This will en-
hance the robustness of the network across a broader frequency
range, improve performance in low signal regions, and help to
mitigate systematic uncertainties.
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Appendix A: Model

On one side, our approach is grounded in the physical principles
described in Eriksen et al. (2006) and Eriksen et al. (2008). On
the other side, it adheres to the theoretical framework of CNNs
and FCNs, as detailed in Rumelhart et al. (1986), Lecun et al.
1998, and Goodfellow et al. (2016).

Our model operates on patches xν of the microwave sky at
various frequencies ν (specifically 143, 217, and 353 GHz), each
modeled as a linear mixture of c astrophysical sources. These
sources are represented by emission maps eν, convolved with
the experiment’s instrumental beam iν and superimposed with
instrumental noise nν:

xν = iν ∗ eν + nν, (A.1)

where ∗ denotes convolution. The emission maps are composed
as a linear combination of foreground components, each with
distinct spectral properties:

eν =
∑

c

Ac,ν sc, (A.2)

with A denoting the mixing matrix and s representing the set
of component maps. Substituting into Equation (A.1), the full
model becomes:

xν = iν ∗

∑
c

Ac,ν sc

 + nν. (A.3)

Initially, all model parameters are randomly set. The neural
network ingests a tensor of shape Npix × Npix × Nν, where Npix =
256 and Nν denotes the number of frequency channels. Spectral
features are captured via multidimensional strided convolutions
(Goodfellow 2010):

Hν,i, j =
∑
k,m

Wk,m,i Vs◦ν+k,m, j, (A.4)

where H are the hidden units, V are the input values, and W is the
convolutional kernel. The operator s represents the stride vector,
and ◦ indicates element-wise multiplication.

Subsequent convolutional blocks apply similar operations,
utilizing outputs from previous layers as inputs.

In the decoder (deconvolutional blocks), we perform a
strided transposed convolution across spectral dimensions:

Rq,m, j =
∑

ν,k | s◦ν+k=q

∑
i

Wk,m,i Hν,i, j, (A.5)

where R denotes the deconvolved output, and H the activations
from the previous layer. The condition after the vertical bar ap-
plies a modulo constraint.

Kernels W across all convolutional and deconvolutional lay-
ers are updated each epoch via minimization of the mean-
squared error:

MS E =
1
2

∣∣∣y − y′∣∣∣2 , (A.6)

where y is the predicted output and y′ is the target (i.e., the true
CMB map). The computed loss is then backpropagated to update
layer parameters.

In the final deconvolutional layer, all spectral data is pro-
jected into a single channel, producing a reconstructed map at
reference frequency ν0 = 217 GHz:

x̃ν0 = iν0 ∗ eCMB,ν0 + ñ, (A.7)

where ñ represents deconvolution-induced noise, and eCMB,ν0 is
the CMB component.

Model parameters are updated each epoch according to:

θt+1 = θt + ∆θt, (A.8)

with the update step defined as:

∆θt = −α gt, (A.9)

where gt is the gradient and α the learning rate, which is com-
puted via the AdaGrad algorithm (Duchi et al. 2011):

α =
η

√
Gt + ϵ

, (A.10)

with Gt being the accumulated squared gradients, ϵ a stability
term, and η = 0.05.

Upon propagating all minibatches through the network, the
final gradient is computed at the last deconvolutional block as:

gt =
∂E
∂Oν0

=
∂

∂Oν0

(
1
2
|Oν0 − lν0 |

2
)
= |Oν0 − lν0 |, (A.11)

where lν0 is the ground truth label (CMB signal).
Backpropagation then proceeds by applying the chain rule.

For the previous deconvolutional layer:

gt,W =
∂Oν0,LD

∂WLD−1
=
∂Oν0,LD

∂OLD−1
·
∂OLD−1

∂WLD−1

= gt,LD · fLD−1, (A.12)

gt, f =
∂Oν0,LD

∂ fLD−1
=
∂Oν0,LD

∂OLD−1
·
∂OLD−1

∂ fLD−1

= gt,LD ·WLD−1, (A.13)

where gt,W and gt, f are the gradients with respect to weights and
filters. These are derived using the 2D convolution formula:

Oi, j =

M∑
m=0

N∑
n=0

f (i − m, j − n) W(m, n). (A.14)

Here, LD and LD−1 stand for the last and penultimate de-
convolutional blocks. This approach is similarly applied to prior
deconvolutional layers.

Analogously, convolutional layers use:

gt,W = gt,FD · fLC , (A.15)

gt, f = gt,FD ·WLC , (A.16)

where FD and LC refer to the first deconvolutional and last con-
volutional blocks, respectively. All other convolutional blocks
follow the same gradient-based update rules.

Appendix B: Full sky maps

In this appendix, we aim to show the same results than the ones
presented in Section 4, but displayed in full-sky maps and di-
vided by the analyzed sky regions. Figure B.1 shows the mol-
lview projection of our estimates for the αS index for both E and
B. Figure B.2 displays the same but for the amplitude. Finally,
Figure B.3 presents the same but for the ratio between B-to-E
amplitudes.
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Fig. B.1: Mollview projection of our estimates for the αEE
S (top pannel) and αBB

S indeces in all the regions covered by the QUIJOTE
MFI instrument at 11 GHz. The relative uncertainties (statistical plus systematic) for each region are shown in the right panel. The
regions that we cannot analyze due to the QUIJOTE MFI covering are masked out in grey areas.

Article number, page 13 of 14



A&A proofs: manuscript no. main

 

0.21 11.9

 

0.06 5.1

 

0.007 0.32

 

0.0103 0.08

Fig. B.2: Mollview projection of our estimates for the AEE
S (top pannel) and ABB

S indeces in all the regions covered by the QUIJOTE
MFI instrument at 11 GHz. The relative uncertainties (statistical plus systematic) for each region are shown in the right panel. The
regions that we cannot analyze due to the QUIJOTE MFI covering are masked out in grey areas.
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Fig. B.3: Mollview projection of our estimates for the ratio between amplitudes ABB
S /A

EE
S in all the regions covered by the QUIJOTE

MFI instrument at 11 GHz. Left panel: mean index for each region. The relative uncertainty (statistical plus systematical) for each
region is shown in the right panel. The regions that we cannot analyze due to the QUIJOTE MFI covering are masked out in grey
areas.
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