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We present the first analysis of dark matter axion detection applying neural networks for the
improvement of sensitivity. The main sources of thermal noise from a typical readout chain are simulated,
constituted by resonant and amplifier noises. With this purpose, an advanced modal method employed in
electromagnetic modal analysis for the design of complex microwave circuits is applied. A feedforward
neural network is used for a Boolean decision (there is axion or only noise), and robust results are obtained:
the neural network can improve by a factor of 5 × 103 the integration time needed to reach a given signal to
noise ratio. This could either significantly reduce measurement times or achieve better sensitivities with the
same exposure durations.
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I. INTRODUCTION

The axion is probably the most elegant solution to the
well-known strong CP (charge parity) problem in the
paradigm of QCD (quantum chromodynamics). It was first
postulated as the result of the SSB (spontaneous symmetry
breaking) of a new U(1) symmetry proposed by Peccei and
Quinn [1,2] to explain the cancellation of the θ̄ angle. The
Goldstone boson associated with this SSB is the axion (as
pointed out by Weinberg [3] and Wilczek [4]). Due to the
properties of this particle, it is the preferred candidate to
be the main component of the dark matter in the Universe
[5–7], the reason why it has raised so much interest in
recent years.
This axion has a feeble coupling to photons, implying

that, by means of the inverse Primakoff effect [8,9], it can
decay into photons under an external intense static mag-
netic field. If the generated photon is inside a resonant
cavity and matches its frequency, it can be detected as a
power excess. This setup, named haloscope, was first
proposed by Sikivie [10] and aims to detect axions from
the Milky Way halo.

Axion detection involves an important number of steps
after the acquisition of a signal. Several power spectra must
be acquired in an interval of time, which is usually in the
range ofminutes, hours or days per frequency point, depend-
ing on the experiment. The electronic background and its
time variability must be removed from every spectrum, and a
grand unified spectrum is then constructed [11]. The remain-
ing systematics are removed using a Savitzky-Golay fit.
Finally, the search for an axion is done by fitting its analytical
form to the postprocessed spectrum. Therefore, this kind of
analysis is exhaustive and very high time and resources
consuming. Additionally, this procedure must be carried out
for each of the studied frequencies. In this article, we propose
an alternativemethod thatmaybe used in any axion detection
experiment and in parallel to traditional techniques. The goal
is to reduce the needed signal-to-noise ratio (SNR) through
the application of a neural network to provide a reliable
readout to detect the axion. Consequently, a drastic decrease
in the time to determine whether an axion is present or not
with a certain amount of probability could be obtained.
Neural networks have raised a general interest in almost any
branch of scientific knowledge and are a powerful tool in
pattern recognition problems. In this case, an exact and well-
known full-wave modal method, the boundary integral-
resonant mode expansion 3D (BI-RME3D) [12], has been
used tomodel the axion. Resonant noise has been added, and
the effect of the first low-noise amplifier (LNA) has been
included in the analysis. Furthermore, a feedforward neural
network has been used as a predictive tool in order to eva-
luate the axion presence in a determined acquired signal.
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However, other machine learning techniques could have
been employed with this purpose. In [13], a previous study
for detecting a signal in the presence of noise is presented
for applications in surveillance and remote sensing using a
long short-term memory algorithm. To the authors’ knowl-
edge, this is the first application of a neural network to the
dark matter axion search problem aimed at enhancing the
sensitivity.

II. PROCEEDINGS AND METHODS

A simplified receiver chain for the axion detection on
which this study is based is depicted in Fig. 1. The cavity
and amplifier are positioned inside the cryogenic system at
a physical temperature Tphys. Two system temperatures are
considered for the numerical analysis: Tsys ¼ 1.2 K and
Tsys ¼ 4.0 K, where Tsys ¼ Tcav þ Tamp takes into account
both the noise temperature of the cavity and the amplifier,
respectively. The physical temperatures considered are not
near the standard quantum limit [Tphys ≫ hν=ð2kBÞ, with ν
the resonant frequency of the fundamental cavity mode],
hence the noise temperature of the cavity is directly Tphys.
Regarding the amplifier, generally Tamp > Tphys due to the
fluctuations introduced by its internal functioning.
The external magnetostatic field applied is Be ¼ 10 T.

The values chosen are quite representative of a usual axion
detection receiver chain, with more or less variation
depending on the experiment.
The simulations performed in this work may include the

aforementioned elements, since these are the ones mainly
involved in hiding the axion rf (radio frequency) signal
under noise and systematic errors. After amplification, the
signal is passed through a heterodyne receiver and down-
converted to 0.1 MHz. Then, the signal is sampled in the
time domain by the data acquisition (DAQ) system.
A rectangular cavity has been employed, making use of

the geometry of a standard rectangular waveguide, which is
the WR-975, with dimensions a ¼ 247.65 mm (width) and
b ¼ 123.825 mm (height). The last dimension d is fixed
short circuiting in the corresponding length. The considered
axion mode is the TE101 at a frequency of νa ¼ 1 GHz,
implying that the cavity length is

d ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2νac Þ2 − ð1aÞ2

q ¼ 188.31 mm; ð1Þ

where νa is the axion frequency, and c is the speed of light
in vacuum. The assumed frequency of the axion has been
chosen to be 1 GHz, since the low-GHz range has been
extensively studied by several experiments, as reported in
the technical literature [14–21]. In order to simulate the
scattering parameters of the cavity, CST Studio Suite [22]
has been employed. The unloaded quality factor of the
cavity is Q0 ¼ 1.1 × 105 for a cryogenic electrical con-
ductivity σ ¼ 1 × 109 S=m. A 50 Ω coaxial probe has been
connected to the cavity with a relative permittivity of
εr ¼ 1. The probe was introduced with a determined length
in order to work in a critical coupling regime, in which half
of the rf electromagnetic energy generated within the cavity
is consumed while the remaining half is extracted for
detection.
As mentioned previously, the photon produced by the

axion decay is assumed to be νa ¼ 1 GHz, and the
Kim-Shifman-Vainshtein-Zakharov model has been
addressed [23,24], implying that the coupling constant
of the axion-photon interaction adopts the value gaγγ ¼
1.57 × 10−15 GeV−1. Axion field amplitude a0, defined
as [25]

a0 ≈

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ρDMℏ3=c

ma

s
; ð2Þ

where ℏ ¼ h=ð2πÞ is the reduced Planck constant; a0 is the
axion field amplitude and adopts the value of a0 ≈ 6.36 ×
10−7 GeV for a dark matter density ρDM ¼ 0.4 GeV=cm3

and an axion mass ma ¼ 4.13 μeV, where the Kim-
Shifman-Vainshtein-Zakharov axion is assumed to consti-
tute the whole percentage of dark matter in the Universe. In
addition, the bandwidth of the axion has been introduced in
the simulations, employing the well-known expression of
the probability density function for the axion frequencies
when introducing both the Maxwell-Boltzmann distribu-
tion and the laboratory reference frame movement [26,27],

fðνÞ ¼ 2ffiffiffi
π

p
� ffiffiffi

3

2

r
1

r
1

νahβ2i
�
sinh

 
3r

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ðν − νaÞ
νahβ2i

s !

× exp

�
−
3

2
r2 −

3ðν − νaÞ
νahβ2i

�
; ð3Þ

where hβ2i ¼ hv2i=c2, with hv2i ¼ 3kBT=ma the axion
root mean square velocity (where kB is the Boltzmann
constant and T is the temperature of the virialized axion);
and r ¼ vlab=

ffiffiffiffiffiffiffiffiffi
hv2i

p
is the ratio between the laboratory

reference frame velocity vlab and
ffiffiffiffiffiffiffiffiffi
hv2i

p
. This distribution

endows the axion with a bandwidth of Δνa ≈ 5 kHz,

FIG. 1. Readout chain employed for the axion detection study.
On the left, the cavity is depicted along with the LNA amplifier at
a temperature Tphys. On the right, a pictorial representation
of the receiver chain, constituted by a local oscillator and a
DAQ system.
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providing the axion with its well-known quality factor
of Qa ¼ 106.
In order to analyze the rf voltage extracted from the

cavity (Vc in Fig. 2), the advanced modal method
BI-RME3D is applied. This method provides a wide-band
full-wave model which was developed during the 1980s
and 1990s at the Università degli Studio di Pavia (Italy).

It has been properly used for obtaining the structure of the
electromagnetic fields inside an arbitrarily shaped cavity
with a given number of ports connected to it and also for
the efficient and accurate design of complex microwave
passive components. Since the mathematical formulation of
the method has been described in several publications
[12,28,29], the main conclusions are outlined in this work:
this method allows one to establish a connection between
the axion-photon coupling inside a microwave cavity and
the classical electromagnetic network theory, as it can be
seen in Fig. 2, considering the axion as a current source, Ia,
which eventually divides into two parts: one delivered to
the port (such as a coaxial or waveguide port), Iw, and the
other one consumed by the cavity and dissipated as ohmic
losses (Joule effect), Ic. Since there is no approximation
during the formulation, the provided results are exact.
However, since it is a modal method, the number of
resonant modes M in which results are truncated must
be eventually chosen.
BI-RME3D provides, among others, the current gener-

ated by the axion Ia and the voltage measured at the coaxial
port Vc as complex phasors, thus obtaining information of
both amplitude and phase as a function of frequency. In
addition, the extracted power Pw can be calculated too.
Resonant noise extracted from the cavity can also be added
to the formulation as a random Gaussian-generated current
phasor In, that is normalized to the expected noise power
kBTcavΔν. The expression of the total current from both the
axion and the resonant noise is given by

IT ¼ −
XM
m¼1

Fð1Þ
m1

κm
κ2m − k2

Z
V
E⃗mðr⃗0Þ · ðJ⃗aðr⃗0Þ þ J⃗nÞdV 0

¼ −
XM
m¼1

Fð1Þ
m1

κm
κ2m − k2

�Z
V
E⃗mðr⃗0Þ · J⃗aðr⃗0ÞdV 0 þ

Z
V
E⃗mðr⃗0Þ · J⃗ndV 0

�
¼ Ia þ In; ð4Þ

where the summation is over the number of M resonant

cavity modes considered; Fð1Þ
m1 is the coupling integral

between the magnetic field of the mth normalized
resonant cavity mode and the normalized magnetic field
of mode 1 in port 1; κm is the perturbed wave number of
the mth normalized resonant cavity mode taking into
account the ohmic losses [29], k is the wave number
corresponding to the frequency scan k ¼ ω=c, with
ω ¼ 2πν; E⃗m the normalized electric field of the mth
normalized resonant cavity mode; and J⃗a and J⃗n are the
axion and noise equivalent electric current densities,
respectively. The measured voltage at the cavity port
is expressed as Vc ¼ ðIa þ InÞ=ðYw þ YcÞ, where Yw
and Yc are the waveguide and cavity admittances,
respectively. In this way, the delivered power can be
expressed as

FIG. 2. Equivalent circuit that shows how to add the axion and
the resonant noise in the BI-RME3D formalism. Here, the current
generators are both the axion, Ia, and the intrinsic noise of the
cavity, In. Iw is the current delivered to the coupled port (for
detection), and Ic is the current that will be eventually consumed
by the cavity as ohmic losses. Yc represents the admittance of the
one port cavity, and Vc is the voltage detected in the coaxial port.
Note that all the magnitudes previously defined are complex
phasors, emphasizing that the BI-RME3D technique provides
information about both magnitude and phase of the rf detected
signal.

FIG. 3. Resonant noise power extracted from the cavity at a
temperature of Tcav ¼ 10 mK.
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Pw ¼ jIa þ Inj2
2jYw þ Ycj2

ReðY�
wÞ: ð5Þ

In Fig. 3 is depicted the frequency sweep of the noise
power extracted from the cavity (without axion) at a
temperature of 10 mK, and in Fig. 4, the power extracted
from the cavity excited by the axion decay is plotted. As
can be seen, only the fundamental resonant mode (M ¼ 1)
has been considered in the computation of Eq. (4). This
mode is the dominant contribution to the equivalent current
IT , and hence, the rest of the resonant modes would
introduce higher order modifications in the results, as is
demonstrated numerically in [29].
The signal-to-noise ratio is a common measurement to

compare the power level between both the axion and the
noise. It is defined, through the Dicke radiometer equation
[30], as

SNR ¼ Pw

kBTsys

ffiffiffiffiffiffi
t
Δν

r
; ð6Þ

where t is the exposure time of the experiment. In order to
maximize the signal-to-noise ratio, axion bandwidth Δνa
has been considered as the detection bandwidth.
Referring to the neural network, a feedforward network

with only one neuron in the hidden layer has been
employed, and the Levenberg-Marquardt algorithm [31]
is applied for minimizing the error function. Since the
output from the neural network is just Boolean (i.e., there is
axion or not), more neurons would produce overfitting in
the results. More complex types of neural networks could
be applied, but this task is left for future prospects of this
work. However, the employment of a feedforward neural
network aligns properly with the scope of this work, which
is to show that even a simple kind of neural network can
have significant impact in the analysis procedure.

III. NUMERICAL RESULTS

Once the methods are described, the neural network is
applied to simulations of the axion rf voltage Vc as well as
resonant and amplifier noises. Relative to the training
procedure, the neural network learns from 5000 trainings
for each SNR. A random number is generated in order to
decide if the rf signal recorded has axion or only thermal
noise. Here, 1000 tests were performed after the learning
procedure, and the precision of the neural network is
calculated as the ratio of successful cases to the total
number of cases. The results, shown in Fig. 5 and Table I,
demonstrate reliable performance in identifying the axion rf
signal. These findings align closely with those reported in
[13]. By averages, it is understood that we refer to the
number of signal time intervals added and subsequently
averaged for the decrease of the noise standard deviation.
In addition to the mentioned calculations, several train-

ings have been considered for a fixed number of averages
(250 in our case) with the aim of observing the neural
network performance when varying the trainings intro-
duced (see Fig. 6), showing the expected behavior of rapid
increase followed by saturation.
Some parameters regarding the performance of the

neural network during the computation process are shown

FIG. 4. Power extracted from the cavity excited by the axion
decay. The characteristic bandwidth of the axion introduced by
the shifted Maxwell-Boltzmann distribution can be seen, endow-
ing the axion with a quality factor of Qa ¼ 106.

TABLE I. Accuracy of the neural network for different values of averages and system noise temperatures. The number of trainings is
5000, and the number of tests is 1000. The equivalent SNR after the application of the neural network, SNRequiv, and the time
improvement, T , are also shown.

Tsys ¼ 1.2 K Tsys ¼ 4.0 K

Averages SNR0 Accuracy (%) SNRequiv T SNR0 Accuracy (%) SNRequiv T

1 0.0011 47.7 0.639 3.4 × 105 3.4 × 10−4 47.9 0.642 3.6 × 106

10 0.0036 61.6 0.871 5.9 × 104 0.0011 54.8 0.752 4.7 × 105

20 0.0051 62.5 0.887 3.0 × 104 0.0015 56.8 0.786 2.7 × 105

100 0.0114 78.4 1.237 1.2 × 104 0.0034 60.6 0.852 6.3 × 104

500 0.0254 94.9 1.951 5.9 × 103 0.0077 81.1 1.314 2.9 × 104

1000 0.0360 99.3 2.697 5.6 × 103 0.0109 87.6 1.538 2.0 × 104
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in Figs. 7 and 8 for the case of 100 averages at a system
temperature of 1.2 K. First, the evolution of the mean
squared error in Fig. 7 indicates the absence of underfitting
or overfitting, since the curves of both train and test evolve
closely independently of the epoch. The expected behavior
of the Levenberg-Marquardt algorithm is interpreted from
Fig. 8: for higher values of the damping parameter, the
method followed by the algorithm is the gradient descent,
corresponding to the fast decrease during the early epochs 0
to 5 followed by a plateau during epochs 5 to 12, since the
method has reached a potential minimum and the steps of
the gradient descent method become lower. While the
algorithm keeps decreasing the damping parameter, the
minimization method switches to Gauss-Newton, getting a
strong decrease of the gradient magnitude during the latest
epochs. In this way, the mentioned results show the
expected performance of a neural network that properly
follows the Levenberg-Marquardt algorithm.

To clearly assess the capability of the neural network,
some values of interest are analyzed in Table I, where time
improvement T is calculated as the ratio between the time
required to reach the equivalent SNR without the neural
network, tequiv, and the original SNR of the signal intro-
duced to the neural network, t0,

T ¼ tequiv
t0

¼
�
SNRequiv

SNR0

�
2

; ð7Þ

where SNRequiv is calculated as the number of standard
deviations in a Gaussian distribution N ð0; 1Þ that corre-
spond to the associated neural network accuracy.
A robust performance is observed in the results,

obtaining remarkable values of T . For instance, with a
SNR ¼ 0.036, the accuracy of the neural network is 99.3%,

FIG. 5. Neural network accuracy for given values of SNR. Each
curve makes reference to a value of the system noise temperature.

FIG. 6. Accuracy improvement for different number of train-
ings depending on the system noise temperature; 250 averages
were considered for obtaining the data.

FIG. 7. Mean squared error during the conditioning of the
neural network depending on the epoch. The dotted vertical green
line is the epoch in which the validation error is minimum.

FIG. 8. Gradient magnitude and damping parameter of the
Levenberg-Marquardt algorithm during the different epochs of
the training process for the case Tsys ¼ 1.2 K, 100 averages. Both
magnitudes are consistent between each other and compatible
with a standard minimizing process of the error function.
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close to an equivalent SNR of 3. This has strong conse-
quences on the exposure time needed to reach a given
signal-to-noise ratio: for instance, if an experiment requires
100 days of exposure time in order to reach a SNR ¼ 3, the
application of this neural network is able to reduce this time
by a factor 5 × 103, allowing to reach the desired SNR in
approximately half an hour. Moreover, for slightly higher
SNR, the accuracy of the neural network would be close
to 100%.
Referring to the application of this methodology to a real

data-taking procedure, the question of how to train the
neural network comes out: if the trainings are experimental
measurements, no time is gained since the time saved in the
data taking is substituted by the time wasted in neural
network training. Thus, the value of this methodology is to
simulate, with a high degree of realism, the thermal noise
and any possible systematic errors (aspect that is left for
future prospects) that could appear in a hypothetical
measurement and to train the neural network with this
simulations. This kind of simulation would require a more
detailed description than the one made in this work.
Regarding thermal noise, only the ones related with the
cavity itself and the amplifier were considered here. These
noises provide the dominant component of the thermal
noise, implying that the additional components introduced
in order to make a more realistic simulation would generate
second-order or higher modifications in our results. One
proof of this is simply given by the Friis equation [32], in
which the following sources of thermal noise are greatly
reduced by the gains of the initial amplifier (and by the
following ones if considered). Given the robustness shown
by the neural network in predicting the presence of a
potential signal, these higher order corrections would not
modify considerably the results obtained in the work. On
the other hand, different kinds of noise (such as shot noise
or flicker noise) as well as systematic errors would rise
complexity in the analysis procedure. In this way, the
neural network employed in our work would not be suitable
for discarding false candidates, since any protuberance over
the thermal noise would be a source of error in the
identification procedure of the neural network of a potential
candidate. Thus, more complex neural networks must be
applied, for instance, increasing the number of neurons and
hidden layers, or applying convolutional neural networks.
This would allow to employ the frequency spectrum of the
axion as an identifier of a potential signal, improving the
identification capability of the neural network. However,
the goal of this paper is to point out the remarkable capacity
of the neural network to distinguish the axion from the most
relevant generators of thermal noise in a real readout chain.

IV. CONCLUSIONS

A basic model of a neural network, consisting on a feed
forward network with one neuron in the hidden layer, has
been applied to the simulation of a haloscope experiment.

The application of a neural network to improve the SNR
in an axion detection experiment has been done for the first
time in this work to the knowledge of authors, obtaining
significant results that have a direct impact in the expo-
sure time needed by the experiment in order to reach a
given sensitivity. For a SNR ¼ 0.036, the equivalent SNR
obtained by applying the neural network is close to 3, a
common criteria to determine the presence of a potential
candidate. This implies a time improvement by a factor of
approximately 5 × 103. This is a remarkable result, since
this reduction in exposure time would allow not only to
faster sweeps but also to reach better sensitivities main-
taining the same exposure time as nowadays, allowing to
probe a significant lower value of the axion-photon
coupling constant gaγγ . Owing to the simplicity of this
technique, it can be applied either as the primary method
for distinguishing axions from the thermal background in
any current axion detection experiment or as a comple-
mentary tool alongside the standard statistical analyses
mentioned earlier. However, it must be pointed out that the
ideal scenario to take profit from this time saving is to train
the neural network with very precise simulations of the
thermal noise and systematic errors, allowing for a fast
learn process of the neural network.
This SNR improvement could also be applied to another

type of experiments trying to detect a different kind of
phenomena which requires extremely low sensitivities.
For instance, the detection of high-frequency gravitational
waves (HFGWs) with haloscopes nowadays needs a sub-
stantial improvement in order to reach the expected HFGW
strains [33–35], and one of the main troubles is the
exposure time, being only able to accumulate a signal
while the HFGW is passing through the cavity, making it
difficult to reach the desired strain. With the proposed
technique in this work, the expected experimental sensi-
tivity could suffer a strong increment by only applying a
neural network to the data study. This opens a new line of
research, not only for axions or HFGWs, but also for any
kind of physical phenomena that generates a feeble signal.
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