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Radio pulses generated by cosmic-ray air showers can be used to reconstruct key properties like the energy
and depth of the electromagnetic component of cosmic-ray air showers. Radio detection threshold, influenced
by natural and anthropogenic radio background, can be reduced through various techniques. In this work, we
demonstrate that convolutional neural networks (CNNs) are an effective way to lower the threshold. We
developed two CNN:s: a classifier to distinguish radio signal waveforms from background noise and a denoiser
to clean contaminated radio signals. Following the training and testing phases, we applied the networks to air-
shower data triggered by scintillation detectors of the prototype station for the enhancement of IceTop,
IceCube’s surface array at the South Pole. Over a four-month period, we identified 554 cosmic-ray events in
coincidence with IceTop, approximately five times more compared to a reference method based on a cut on the
signal-to-noise ratio. Comparisons with IceTop measurements of the same air showers confirmed that the
CNNs reliably identified cosmic-ray radio pulses and outperformed the reference method. Additionally, we find
that CNNs reduce the false-positive rate of air-shower candidates and effectively denoise radio waveforms,
thereby improving the accuracy of the power and arrival time reconstruction of radio pulses.
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I. INTRODUCTION

High-energy cosmic rays interacting with Earth’s atmos-
phere generate extensive air showers. These showers
comprise numerous charged particles that emit a coherent
radio pulse, primarily due to the deflection of electrons and
positrons by the Earth’s magnetic field [1,2]. Detecting this
impulsive radio emission has proven valuable for recon-
structing air-shower properties, such as electromagnetic
energy and depth of the shower maximum, X, [3-7].

Complementary measurements of air-shower events using
radio and other detection techniques, particularly particle
detectors sensitive to the muonic component, further enhance
sensitivity to the mass of the primary particle [8—11]. The
radio technique is thus expected to play an important role in
next-generation experiments targeting the particle and astro-
physics of ultra-high-energy cosmic rays [12].

A primary challenge of using radio signals for air-shower
measurements is continuous background noise from natural
(Galactic and thermal) and anthropogenic sources. The
system noise is often small compared to the external back-
ground, e.g., for the SKA log-periodic antennas (SKALA) v2
and their low-noise amplifiers used here, the internal noise is
approximately 40K [13,14], only. This noise contaminates
radio measurements, obscuring air-shower pulses and limit-
ing the energy threshold for cosmic-ray studies.

Several techniques have been employed by radio experi-
ments to mitigate the impact of background noise on air-
shower measurements. One approach is digital radio
interferometry [3,15,16], which combines measurements
from multiple antennas to improve the signal-to-noise ratio
(SNR). Another method involves selecting an optimal
frequency band [17]: while air-shower radio emissions
are broadband (from MHz to GHz), Galactic radio back-
ground dominates below a few 100 MHz. Thus, selecting
an optimal frequency range can significantly enhance the
SNR. Moreover, narrow-band radio frequency interfer-
ences, which are a major component of anthropogenic
background, can be effectively filtered using notch filters
and similar techniques, because the air-shower radio signals
are broad-band. More recently, machine learning tools (see
[18] for a living review) have been introduced to further
reduce background noise. For example, convolutional
neural networks (CNNs) have shown promise in denoising
contaminated radio traces when trained on simulated [19]
and measured background [20-22]. Building on these
advancements, this work presents the development of
two independent CNNS: a classifier for identifying traces
containing radio pulses and a denoiser for recovering
underlying air-shower pulses from noisy traces [23].

The performance of these CNNs is demonstrated by
application to radio measurements of air showers from
IceCube’s surface array at the South Pole. The surface
component of IceCube, known as IceTop, consists of 81
stations, each with pairs of ice-Cherenkov tanks, spread over
an area of approximately 1 km?. IceTop is designed to detect

cosmic-ray air showers in the energy range from below a PeV
to a few EeV [24]. However, snow accumulation on IceTop
tanks has increased the detection threshold and introduced
systematic uncertainties in air-shower measurements over
time [25]. To improve IceTop’s detection threshold and
expand its scientific capabilities, such as precise energy
calibration and improved composition studies, a surface array
enhancement of IceTop has been planned [26-28]. This
enhancement involves deploying elevated scintillation panels
and radio antennas across the existing IceTop array.

While a low false-positive rate is critical for self-
triggered radio experiments, externally triggered radio
setups, such as the IceTop enhancement, focus primarily
on improving the measurement quality of air showers.
Every triggered event is an air shower, but in many the
radio signal is too weak and buried in the noise. The goal is
thus to measure that radio signal in as many air-shower
events as possible and to reduce the measurement uncer-
tainty on important parameters of the radio pulse in each
antenna, in particular, its arrival time and strength.

A prototype station of the IceTop enhancement consist-
ing of eight panels and three SKALA v2 antennas was
deployed in 2020 and has regularly been measuring air
showers with both the scintillation detectors and the radio
antennas [29] (cf. Fig. 1). Since its deployment, the
prototype station’s firmware and hardware have undergone
several upgrades, including an update to the local data
acquisition in January 2022 [30,31]. The radio measure-
ments are broadband (70-350 MHz) with two polarization
channels recorded per antenna. We collect two types of
data: air-showerdata, triggered by scintillation panels, and

FIG. 1. One of the three SKALA antennas of the prototype
surface station at the South Pole (photo from December 2022,
courtesy of Roxanne Turcotte [30]).
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fixed-rate-triggered (FRT) data, collected by a software
trigger at regular intervals and providing a measurement of
the radio background. For this study, FRT radio data are
used to train and test the CNNs, which are then applied to
air-shower data to experimentally demonstrate their
performance.

This paper details the architecture, training, testing, and
implementation of the networks, and is organized as
follows: Sec. II provides the basic architecture of the
CNNs. Section IIT covers data preparation for network
training and validation using simulated radio pulses and
measured background, followed by Sec. IV on the perfor-
mance of the networks evaluated on an independent test
dataset. Section V describes applying the networks to
measured radio data from the prototype station to identify
air-shower events. Section VI, compares CNN results with
a standard SNR method for identifying air-shower events.
Finally, Sec. VII provides a summary and outlook.

II. NETWORK ARCHITECTURE

We developed two networks: a classifier, to distinguish
signal traces from noise-only traces, and a denoiser, to
remove noise from contaminated traces. Both networks
take the two-polarization-channel waveforms from an
antenna as input and are primarily built from 1D convolu-
tional layers. Their basic architecture is depicted in Fig. 2.

Each network’s input is a data array of shape 1000 x 2,
representing 1000 time samples per trace across 2 polari-
zation channels. For both networks, the input layer is
followed by an encoder composed of several encoding

Input Layer
2-Channels

Denoiser

(lassifier ¢

Flattening

Layer

ke
[RUORNIOAUOD

FIG. 2. Schematic of the neural network architectures for the
classifier and denoiser. Both networks take two-channel input
waveforms and begin with an encoder composed of 1D convolu-
tional layers paired with max-pooling layers. In the classifier, the
encoder is followed by a flattening layer and a dense output layer.
In contrast, the denoiser includes a decoder composed of up-
sampling and convolutional layers, followed by a final convolu-
tional output layer.

blocks, each consisting of a 1D convolutional layer and a
max-pooling layer with a fixed pooling size of 2 [32].

For the classifier, extensive hyperparameter testing led to
a final architecture with four encoding layers. Each con-
volutional layer uses 8 filters with a kernel size of 33 bins
(33 ns), followed by a flattening layer and a dense output
layer with a single neuron. ReLU activation functions are
applied in all layers except the output layer, which uses a
sigmoid activation to map the output to a value between 0
(backgroundlike) and 1 (signallike). This configuration
results in a total of 7,393 trainable parameters.

The denoiser adopts an autoencoder architecture, where
the input is first compressed by the encoder (of the same
architecture as for the classier, but trained separately) and
then reconstructed to its original dimensions by the
decoder. The decoder mirrors the encoder in structure,
using the same number of decoding blocks to ensure output
dimensionality matches the input. Each decoding block
includes a 1D convolutional layer followed by an upsam-
pling layer with a factor of 2, doubling the output size at
each step. Each convolutional layer contains 64 filters with
a kernel size of 33. A final convolutional layer with one
filter serves as the output of the denoiser. ReLLU activation
is applied to all layers except the final one, which uses a
linear activation. The output retains the same shape as the
input radio traces, with 1000 samples per polarization
channel, with noise ideally removed from both channels.
This architecture has a total of 684,674 trainable
parameters.

The networks were implemented and trained using Keras
[33] and TensorFlow [34]. Binary cross-entropy (BCE) served
as the loss function for the classifier, while mean squared
error (MSE) was used for the denoiser. Training was
monitored using an early stopping criterion based on the
validation loss, with a patience of 10 epochs. If no
improvement in validation loss occurred for 10 consecutive
epochs, training was halted, and the model weights
corresponding to the lowest validation loss were retained
(The network architecture and associated processing scripts
are available at [35]).

ITII. DATA PREPARATION

The neural networks were trained using simulated radio
signals and measured background data. This choice was
made because the CoOREAS simulations have been shown
to accurately describe measured radio pulses from air
showers, meaning that no significant discrepancies with
experimental data are known [36-38]. However, modeled
background often oversimplifies the reality of radio experi-
ments, which is why we used radio background recorded
with the exact setup at the South Pole.

CORSIKA [39] v7.7401, with the CoREAS extension
[40], was used to generate air-shower simulations and their
radio signals. The simulations utilized the average April
South Pole atmosphere, which closely approximates the
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yearly average, with the Fluka model [41] for low-energy
hadronic interactions and Sibyll 2.3d [42] for high-energy
interactions. Protons and iron nuclei were used as primary
particles, with energies ranging from 10'%3 to 10'890 eV,
zenith angles (#) from 0 to 0.8 in sin? @ (0° to 63.4°), and
uniform azimuth angles (¢). More than 40,000 distinct
CoREAS simulations were generated, wherein radio emis-
sions were computed on a spatial grid configured as an
eight-legged star. The center of this star was positioned at
the intersection of the shower axis with the ground [43].

For the radio background, we used FRT event waveforms
recorded during the first half of 2022, a period of stable
configuration of the updated local data acquisition. Each
FRT event contains waveforms of 1024 data points per
polarization channel of each of the three antennas of the
prototype station, of which the inner 1000 data points
(corresponding to 1 ps of radio background) were used in
this study. The total data collection period analyzed in this
work amounts to approximately 106 days of effective
runtime, during which over 300,000 background events
were recorded and used for data preparation.

To prepare the training data, COREAS radio signals are
combined with FRT waveforms and processed using
custom software developed within the IceCube framework
for radio air-shower analysis [43]. The CoREAS radio
pulses are transformed into mock data which include all
known properties of the experimental setup. As a first step,
the CoREAS pulses are zero-padded in the time domain to
make all waveforms equal in length. These zero-padded
signals are then convolved with the SKALA v2 antenna
response. Next, the convolved signals are resampled from
the native 0.2 ns to the 1 ns sampling rate used for data
taking in the prototype station. The resampled signals are
further convolved with the full electronics response, based
on calibration measurements, including components such
as a low-noise amplifier and an analog radio board. They
are then digitized at 14 bits with a 1 V peak-to-peak
dynamic range (discrete amplitude bins of 274 V),
Measured background waveforms in the same units are
added to the digitized signals, and the combined traces are
converted back to voltages. Next, pedestal offsets, corre-
sponding to unphysical DC components, are removed from
the waveforms, and a box frequency filter is applied to the
nominal measurement band of the prototype station of
70-350 MHz [14]. Finally, the electronics response is
deconvolved, and the resulting waveforms are saved as the
noisy dataset.

The pure simulated signals (before noise addition) are
also filtered to 70-350 MHz and used as target labels for
the denoiser. Background waveforms, processed in the
same way, are saved for training the classifier. Each wave-
form is individually normalized to the range [—1, 1] prior to
being passed to the networks to ensure consistent scaling
of input features across network layers.” To prevent any
positional bias, each simulated radio pulse is randomly

time-shifted within the 1 ps (1000-bin) waveform before
being added to the background.

Following this procedure, approximately 165,000 sam-
ples of each type (noisy, pure signal, and background noise)
were generated per antenna. Each sample consists of two
time series, corresponding to the two antenna polarization
channels. Thus, for training and validation of the denoiser,
approximately 165,000 noisy samples paired with their
corresponding pure signal were used. For the classifier,
about 165,000 noisy samples and an equal number of
background samples were utilized. In total, for each
antenna, the complete dataset consists of approximately
495,000 samples.

This processed dataset was split into two subsets: 80%
for training and 20% for validation. After finalizing the
networks, an independent dataset was generated following
the same procedure to test the network’s performance. This
included approximately 3,000 new CORSIKA simulations,
combined with measured background from the same
period. The resulting test set contains approximately
24,000 samples of each type.

A key quantity to characterize a noisy radio trace is the
SNR. Since definitions vary across experiments, we adopt a
version previously used in other experiments, but made it
more robust against occasional outliers in the traces by
using the median noise level over several time intervals
instead of a single time interval [44.,45].

The SNR of a voltage trace with amplitudes Y; in each
bin i is calculated as follows:

_ max[[Vi[]  \?
SNR = (median[RMS(nj)D ' (m)

where the numerator is the maximum magnitude of the
waveform. The denominator uses the root-mean-square
(RMS) as an estimator for the noise power in consecutive,
nonoverlapping time intervals n; of equal length. The
median is chosen to avoid the impact of occasional outliers,
such as human-made or natural radio pulses, as well as the
air-shower pulse itself, on the estimated noise power.
Although counterintuitive, it is common in air-shower
radio detection that pure background traces yield average
SNR values well above 1. In our case, only SNR values
>>10 correspond to radio pulses that are clearly distinguish-
able from noise by eye. Figure 3 shows the SNR distri-
bution for both polarizations of antenna 1.

IV. NETWORK PERFORMANCE

This section describes the performance evaluation of the
networks using the test dataset. For the classifier evaluation
is straightforward, based on correct and false classifica-
tions. For the denoiser physics motivated metrics are used,
specifically focusing on the accurate reconstruction of the
radio pulse’s peak time and power, as these are critical
parameters for air-shower measurements.

122002-6
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FIG. 3. Distribution of signal-to-noise ratio of the data set used

for training and validation (top) and test (bottom). Shown here is
only the distribution for the dataset produced for antenna 1,
distributions for other antennas exhibit similar structures, differ-
ing only in their mean and slight variations in the tails. The mean
background SNR is approximately 14 for both datasets.

A. Classifier

The classifier is trained on a mix of noisy
(signal + noise) and noise-only data, with the integer
values 1 and O used as labels, respectively. Each input
sample, consisting of two polarization waveforms, produ-
ces a single output value between 0 and 1. The left panel of
Fig. 4 shows the distribution of classifier outputs for the test
set. While the network effectively pushes signal and
background events toward outputs of 1 and 0, respectively,
overlap remains, especially for scores below 0.5, where
classification becomes more challenging.

To illustrate the performance of the classifier, a threshold
of 0.5 is applied, classifying samples with outputs >0.5 as
signallike and others as backgroundlike. This results in an
overall false positive rate (FPR) of 2.2%, i.e., background
traces misclassified as air-shower pulses.

In contrast to many other applications of classifiers, the
concept of a true positive rate (TPR) is not meaningful for
externally triggered radio enhancements. All air-shower
events are known to contain some radio signal (as by
definition also all events in our noisy dataset), but often this
radio signal is negligible and too weak to be detected. This
depends on many parameters, such as the energy of the air
shower and its geometry relative to the antenna. In a naive
approach counting all events, the TPR would thus drasti-
cally depend on how many air showers with undetectable
weak signal would be included in the sample, and any
definition of a detectability threshold would be arbitrary.

We have thus divided the test dataset into SNR bins, and
determined the TPR and FPR for each bin. Rates are
reported as percentages, with the TPR defined as the
number of correctly identified signals divided by the total
number of noisy waveforms. The right panel of Fig. 4
shows TPR and FPR as a function of SNR. A TPR above
80% was achieved for SNR > 40, while the FPR remained
below 5% across all SNR values.

In practice, the particular situation of the experiment can
guide how the classifier is used. For example, in our case,
the IceTop array at the same location allows an additional
cross-check, enabling us to tolerate a few percent FPR at
the classifier stage. Moreover, to identify radio events from
air showers, both the classifier score and the amplitude of
the denoised pulse are considered in a combined selection
criterion (see Sec. V for more details).

B. Denoiser

Following training, the denoiser was also evaluated
using the test dataset. Noisy traces identified as signallike
(i.e., with classifier scores >0.5) were passed through the
denoiser for cleaning. An example of a successful denois-
ing result is shown in Fig. 5, where the radio pulse shape
and timing are recovered in both channels and the back-
ground is strongly suppressed inside of the design band of
70-350 MHz (differences outside of the design band do not
matter for air-shower analyses, as these usually filter to a
subband fully contained in the design band).

To quantify the denoiser’s performance with quantities
relevant for physics analyses, two accuracy metrics were
devised: power ratio and peak time difference. These metrics
compare raw (nondenoised) and denoised waveforms.

The power ratio is calculated by measuring the power
within a 50 ns signal window (Pg) centered around the
simulated pulse position, and a 400 ns nonoverlapping
noise window (Py). The power ratio is then given by:

Ps—P
Power Ratio = w. (2)

[PS - PN]true

In the ideal case, the power ratio is 1, indicating that the
calculated power matches the true radio pulse power.
Negative values can occur for small signals when the
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FIG. 4. Left: classifier output obtained for both the noisy waveform data (blue) and for the noise-only waveform data (green). Right:
true positive and false positive rate as a function of SNR, obtained after applying a threshold cut of 0.5 on the classifier output. Note that
this threshold is used only to illustrate performance on the test set. The y-axis is broken to emphasize low false-positive fractions. The
false-positive curve stops at SNR = 100, as almost none of the noise-only waveforms in the data sample exceeds that value (cf. Fig. 3).
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FIG. 5. Example of a denoised waveform, together with the corresponding noisy input and true waveform (CoREAS simulation
including the antenna response), shown for the two polarization channels of the antenna. The frequency spectra of the waveforms are
displayed in the right panels. The lower subpanels present the difference between the denoised and true waveforms in the time domain,
and the ratio between the denoised and true spectra in the frequency domain.

power measured in the background window exceeds the  magnitude of its analytic signal that represents the instanta-

power in the signal window. neous amplitude, and subtracting the true pulse time
The peak time difference, At is computed by locating the
peak of the waveform’s Hilbert envelope, i.e., the At = T easured — T irues (3)
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waveforms with the error bars representing 68% containment, which is also shown in the bottom plot for better visibility.

where T casured 18 the peak time (from either the raw or
denoised traces) and Ty, is the simulated pulse time.
Ideally, Az = 0, meaning the estimated time matches the
true radio pulse time within the trace.

The power ratio as a function of SNR is presented in the left
panel of Fig. 6. Atlow to intermediate SNR values (<100), the
denoiserreduces both bias (deviation from an ideal power ratio
of 1) and spread, improving the estimation of the pulse power.
Near-zero power ratios in the denoised waveforms arise when
the denoiser fails to recognize a pulse and mistakenly removes
both pulse and background. At high SNR, both raw and
denoised traces yield similarly accurate results.

The right panel of Fig. 6 shows the peak time difference as
a function of SNR. Similar to the power ratio, the denoiser
notably improves time accuracy at low and intermediate
SNR. At high SNR, there is only a slight difference between
denoised and nondenoised cases, with typical time offsets
<1 ns. The large scatter in raw values is due to background
fluctuations being misidentified as the pulse, since the
highest peak across the entire trace is taken as the pulse
peak time. The horizontal banded pattern seen in the
distribution is caused by the algorithm sometimes detecting
different oscillations of the waveform for peak time,
effectively selecting one oscillation peak over another [44].

In summary, the denoiser significantly enhances the
accuracy of pulse power and peak time at low to intermediate
SNR, while at high SNR the impact of background is anyway
low, and the accuracy is fully sufficient in either case.

V. APPLICATION OF NETWORKS TO MEASURED
AIR SHOWERS

After the testing phase, the networks were applied to air-
shower events simultaneously measured by the three sur-
face antennas of the prototype station, triggered by the
scintillation panels. Figure 7 presents an example event: six

waveforms corresponding to the two polarization channels
of the three antennas. The blue curves show the measured,
preprocessed waveforms (see Sec. III), which serve as
inputs to the networks. The red curves depict the output
from the denoiser and classifier scores (Cl_score) for each
antenna are shown in the text box. In this example, all three
antennas received the maximum Cl_score, and the denoiser
successfully suppressed background noise, even in chan-
nels with significant interferences. Each antenna recorded a
strong signal in at least one polarization channel, while
signals in the other channels were weak or comparable to
the background. Additionally, in channel O of antenna 3, an
artifact taller than the true radio signal appears around
250 ns; the network correctly identified and removed this
feature, which standard methods looking for the highest
peak in the trace would have misidentified as a signal. The
resulting directional reconstruction for this event differs by
only 2.6° from the IceTop reconstruction of the same air
shower, as expected when the network correctly identified
the air-shower radio signal (see next section).

However, such optimal results are not always guaran-
teed. Most scintillator-triggered events have radio signals
below the detection threshold. To filter out poorly denoised
events without a clear radio signal, a set of quality cuts was
developed. The first cut uses the output of both the
classifier and denoiser to retain waveforms likely contain-
ing an air-shower radio pulse.

The cut values were determined by applying the networks to
background waveforms from FRT events as shown in the top
panel of Fig. 8. The plot shows the distribution of classifier
scores (y-axis) versus the absolute peak amplitude of the
denoised waveform (x-axis). The threshold is defined by a line
y = mx + ¢, shown as a red dashed line, with the slope
(m = —20) and intercept (¢ = 0.6) tuned to achieve 95%
rejection of pure background waveforms per antenna, com-
parable to reference methods based on a threshold in
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FIG. 7. Measured waveforms for all six channels from the three antennas for an air-shower event triggered by the scintillation
panels. The raw waveforms, utilized as input for the networks, are depicted in blue. The cleaned waveforms, obtained through the
denoising process, are presented in red. The output of the classifier, represented as the Cl_score, is displayed as text for each of the
three antennas. In this particular example, all three antennas yield a Cl_score of 1.0, representing an ideal classification that is not

always achieved.
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FIG. 8. Top: Distribution of the classifier output (y-axis) versus

the maximum amplitude of the denoised waveform (x-axis) for
pure background events recorded with the fixed-rate trigger
(FRT). The red dashed line indicates the quality cut used to
reject 95% of background waveforms; only waveforms above this
line are considered as passing. Bottom: Same distribution for
scintillator-triggered air-shower events. A distinct population in
the upper right region indicates clear air-shower signals.

SNR [46]. By this choice of a cut combining the classifier
output and the pulse amplitude, we identify air-shower radio
pulses of low amplitude without the risk of losing air-shower
events with high-amplitude radio pulses (using a flat cut of 0.6
in classifier score would result in an approximately 3-fold
increase in detected air-shower events over the reference SNR
method, while the combined cut results in a 5-fold increase, as
shown later). For events surviving this cut across all three
antennas, a subsequent cut removes those whose reconstructed
radio arrival direction is inconsistent with IceTop.

The bottom panel of Fig. 8 displays the same network
outputs, but for scintillator-triggered events. As expected,
most outputs cluster in the lower-left corner of the plot,
indicating that the networks categorize them as back-
groundlike. This is consistent with expectations, as the
scintillator panels have lower detection thresholds and
trigger on lower-energy air showers with little or no
detectable radio signal. Nevertheless, a small cluster of
events in the top-right of the plot indicates confident
detections of air-shower radio signals.

The distribution of the classifier scores and denoised
peak amplitudes illustrates the flexibility of the selection
strategy: the decision boundary can be adjusted depending
on whether a particular analysis prioritizes purity (requiring
higher scores/amplitudes) or efficiency (accepting lower
values). There generally is no need for perfect classifica-
tion, as the IceTop measurement of the same air showers is
always available for cross-check. The choice used here is
motivated by achieving 95% background rejection per
antenna, to compare the CNNs with the reference SNR
method.
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A. Reconstructed air-shower events
and their angular distributions

For the successful reconstruction of the air-shower arrival
direction, at least one channel from each of the three
antennas must pass the quality cuts described in the previous
section. When this condition is met, the denoised waveforms
are used for direction reconstruction. From each antenna, the
channel with the largest peak amplitude is selected to extract
the pulse arrival time. Because the prototype station only
features three antennas, the arrival direction is reconstructed
assuming a simple plane wavefront.

During a 106-day search period, a total of 227,613
scintillator-triggered events were recorded and analyzed
using the CNN-based pipeline. Among these, 608 events
passed the CNN quality cuts and were considered for
arrival direction reconstruction. The reconstructed direc-
tions from radio were then compared to those obtained
from IceTop. Fig. 9 shows the distribution of opening
angles (Aw) between the two reconstructions. As seen in
the zoomed-in view, most events cluster within a few
degrees of the IceTop direction, indicating accurate iden-
tification of the radio pulse in all three antennas.

A small subset of events, however, shows large opening
angles, forming a tail in the distribution. These events
typically result from incorrect identification of the radio
pulse in at least one antenna, for example, when an artifact
or background fluctuation is mistaken for a true signal.

To exclude such cases, an additional data-driven quality
cut is applied. Events with Aw > 7° are removed, where the
distribution shows a significant drop. As the main purpose
of the radio enhancement is to increase the measurement
accuracy of IceTop for cosmic-ray analyses, this IceTop
direction reconstruction is available for all air-shower

[ CNN [pz=3.0° ges%=3.8°] 1

[ SNR Cut [1=28.9°, ges%=44.4°]
120 ]
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100} ]
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FIG. 9. Opening angle between the radio-reconstructed and
IceTop-reconstructed directions for scintillator-triggered air-
shower events identified using the CNN method and an SNR
method (see Sec. VI). The dashed line at 7° indicates the quality
cut applied to select well-reconstructed air-shower events. The
mean values of the open angle for events within this quality cut
are 3.5° for the CNN and 3.0° for the SNR method.

events of interest. The choice of Aw threshold can be
adjusted based on specific science analysis requirements
for purity and efficiency. This cut at 7° removes about 9%
of the events found with the CNNs, leaving 554 candidate
radio events.

Since the strength of the radio emission depends on the
geomagnetic Lorentz force, we expect a suppression of
events aligned with the geomagnetic field and an enhance-
ment at larger geomagnetic angles (the angle between the
shower axis and the local geomagnetic field). This expect-
ation is reflected in the zenith distribution (Fig. 10, upper
panel), which shows a concentration of events at inter-
mediate zenith angles. The decline above 60° is due to the
reduced efficiency of the scintillator trigger at large angles.
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FIG. 10. Zenith angles (top) and Arrival directions (bottom) of
the candidate radio events. The black dashed line in the upper plot
and the red-filled circle in the lower plot represent the local
geomagnetic field at the IceTop location.
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FIG. 11. IceTop core distribution of the air-shower events

detected with the radio antennas. Shower core positions are
marked with blue circles, antenna locations are indicated by black
X’s, and IceTop tanks are represented by gray circles.

Additionally, we require coincidence with IceTop, and the
IceTop array also shows decreasing sensitivity at high
zenith angles [47]. Again, consistent with the expectation
of geomagnetic radio emission, the azimuth and polar
distributions also show an excess of events in the direction
opposite to the geomagnetic field (Fig. 10, lower panel).

B. Core distribution

The shower core positions, defined as the impact point of
the shower axis on the ground, were reconstructed using
IceTop data and are shown in Fig. 11, along with the
locations of the detectors. The figure demonstrates that
most candidate events have core positions close to the
prototype station. However, several events were detected
with cores located more than 200m away from the
antennas. These correspond to inclined showers, which
produce elongated radio footprints due to their geometry,
allowing the radio signal to reach the array from a greater
distance.

Figure 12 shows the distance between the prototype
station center and the reconstructed shower axis, plotted as
a function of the zenith angle (top panel) and the geo-
magnetic angle (bottom panel). The top panel illustrates
that events farther from the array have larger zenith angles,
some even exceeding 60°, consistent with expectations for
inclined showers that produce larger radio footprints.

The bottom panel further shows that these events also
have larger geomagnetic angles, which indicates stronger
geomagnetic radio emissions. Overall, these trends provide
strong evidence that the CNNs correctly identified radio
signals from cosmic-ray air showers.
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FIG. 12. The distance of the shower core to the center of the
prototype station is calculated in the shower plane and plotted
over the zenith angle (top) and geomagnetic angle (bottom). The
events that are far from the station are also the ones with larger
zenith and geomagnetic angles, hence a large radio emission from
these events is expected.

VI. COMPARISON WITH AN SNR METHOD

To realistically assess the CNN performance on exper-
imental data, we compare its results with those obtained
from a standard SNR method that combines narrow-band
radio frequency interference (RFI) suppression via digital
filtering and a SNR threshold cut. Variants of this standard
method have been used by several radio arrays for air-
shower detection (see, e.g., [5,6]), and have also been
applied to data from the prototype station at IceTop [29].

In this SNR method, a bandpass filter is applied to limit
the signal to the 100-230 MHz range, which has been
optimized using COREAS simulations to enhance the SNR
for typical air-shower signals and is consistent with earlier
simulation studies [17]. To further suppress narrow-band
RFI within this band, frequency-dependent weights are
applied [29]. Note that, for the CNN method, the full band
of 70-350 MHz is used and does not require explicit RFI
suppression. After filtering, a SNR threshold is applied,
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chosen to reject 95% of the background waveforms (FRT
events) in each channel.

All scintillator-triggered events within the search period
are considered for which at least one channel from each of
the three antennas exceeds the SNR threshold. These
selected events are then reconstructed using a plane-wave
front model, as described earlier for the CNN method.

Using this SNR method, 341 events were successfully
reconstructed. The opening angle between their radio-
reconstructed directions and the corresponding IceTop
directions is shown in Fig. 9 (blue). Similar to the
CNN-based results, many events are reconstructed within
a few degrees of the IceTop direction, however, the
distribution features a more pronounced tail at large open-
ing angles. Applying the same quality cut of Aw < 7°,
yields 111 candidate events, approximately one-fifth the
number identified using the CNN method. Despite the
much larger number of CNN events passing the quality cut,
which are mostly at lower energy and therefore at lower
SNR than the events identified by the SNR method, the
mean opening angle for those events deteriorates only
slightly from 3.0° to 3.5°.
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Figure 13 (top-left) compares the log;y(Si,5/VEM)
distributions for candidate events identified by both meth-
ods, along with all scintillator-triggered IceTop events. The
log;(S125/VEM) parameter (in units of vertical equivalent
muons (VEM)] is used as an energy proxy for IceTop,
however, the energy reconstruction is only optimized and
calibrated for small zenith angles (8 < 30°) [24,25]. Most
high-energy events (on the right-hand side of the
logo(S125/VEM) distribution) were identified by both
methods; however, the CNN method recovers significantly
more lower-energy events, which are missed by the SNR
method. Only 8 of the 111 events found by the SNR
method were missed by the CNN method. These 8 events
are all at low energy log;o(S;2s/VEM) < 1, and may
therefore be false-positive detections by the SNR method.
This would be consistent with their nonidentification by the
CNN method. As discussed in the next section, the false-
positive rate is indeed expected much larger for the SNR
method than for the CNN method.

The zenith angle (top right), azimuth angle (bottom left),
and geomagnetic angle (bottom right) distributions in
Fig. 13 further demonstrate that the increase in the number
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Distributions of air-shower events identified with the CNN (red) and SNR (blue) methods. The top-left panel shows the

distribution of log;((S;25/VEM), i.e., the IceTop signal strength at 125m from the shower axis in units of vertical equivalent muons
(VEM). The other panels show the distributions of zenith angle (top right), azimuth angle (bottom left), and geomagnetic angle (bottom
right). For reference, all IceTop events with a scintillator trigger are shown as a green dashed line.
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TABLE L

Summary of false positive estimates for the SNR and CNN methods. Of all FRT events, 321 passed the SNR selection and

were reconstructed, compared to only 8 for the CNN method. After the Aw cut, the expected number of false positives is 3.7 for SNR and
0.08 for CNN. These values are obtained by multiplying the final false-positive fractions (last row) with the total number of scintillator-

triggered events during the search period (227,613 events).

Total events

Passing Fraction SNR cuts

Passing Fraction CNN method

Fixed-Rate Triggered (FRT)
Mean fraction of IceTop events within 7°
Resulting false-positive fraction

336070

9.6 x 107 (321 events)
0.017
1.6 x 1073

2.4 x 107 (8 events)
0.014
33x 1077

of events identified by the CNN method is consistent across
all angular ranges.

A. Estimation of the rate of false positive events

Even in an externally triggered radio setup, like the
IceTop enhancement, false positive detections of radio
pulses may negatively affect physics analyses. Because
of the IceTop information available for each air shower, the
tolerable false positive rate (FPR) for the additional radio
measurement of the same air showers will be higher than in
self-triggered radio instruments, typically of at least per
mill level, to be determined for each cosmic-ray analysis
individually.

The vice-versa concept of a true positive rate (TPR) is
less useful for our application, as the radio readout is
triggered by the scintillation panels. The absolute value of
the TPR would thus depend critically on the trigger
threshold, which is purposefully chosen such that the radio
signal is well below the noise level for most triggered air
showers. As shown in the previous section, we correctly
detect the air-shower radio signal in about five times as
many events than with the SNR approach, which corre-
sponds to a five-time relative increase of the TPR. Here, we
focus on determining how the CNNs impact the FPR
compared to the SNR method, i.e., for how many of the air-
shower events background would be mistaken for the radio
signal.

The selection cuts were designed to reject 95% of
background waveforms per antenna. Consequently, some
background events will pass this cut in all three antennas
simultaneously, and a few of those events may coinciden-
tally yield an arrival direction consistent with IceTop.
Because the background across multiple antennas is corre-
lated, it is insufficient to estimate the rate of false positive
events by simply multiplying individual probabilities.
Therefore, to obtain a realistic estimate, we evaluate the
FPR for both methods by applying the full selection criteria
to FRT events and subsequently reconstructing the arrival
direction using the same procedure used for actual air-
shower candidates.

During the 106-day search period, a total of 336,070
FRT events were recorded. Of these, 321 events passed the
SNR selection in all three antennas and were successfully
reconstructed. In comparison, only 8 FRT events passed the

CNN selection and reconstruction pipeline. For an air-
shower search, however, only a small fraction of such
events would accidentally align with the IceTop direction.

The expected number of false positives in the air-shower
search was estimated using the formula

N
FP; = —2% x N, 4)
N

where Ny is the total number of FRT events, Np, is the
number of FRT events passing the SNR or CNN quality
cuts and successfully reconstructed, and N represents the
total number of scintillator-triggered events. This yields a
first-order estimate of false positives before imposing a
directional consistency requirement with IceTop.

To obtain the final false positive rate after applying the
Aw cut, we calculate for each of the Np,,, FRT events the
fraction fIT of IceTop events within 7° of the given FRT
event. The total number of expected false positives is then

FP,,, = mean(fT) x FP,. (5)

Using this approach, the SNR method yields an expected
3.7 false positives, while the CNN method results in only
0.08 expected false positives. A summary of the FPR
calculation is presented in Table 1.

This demonstrates that the use of CNNs not only lowers
the detection threshold but at the same time significantly
decreases the identification of false positive events. Given
the total livetime of the analysis, future analyses could
adopt less conservative selection thresholds while still
maintaining acceptable background rates, further high-
lighting the advantages of CNN-based selection over
traditional methods.

VII. CONCLUSION

In this paper, we presented the development and suc-
cessful implementation of deep-learning-based convolu-
tional neural networks (CNNs), namely a classifier and a
denoiser, applied to radio measurements of air showers at
the IceCube Neutrino Observatory. Both networks were
trained on simulated CoREAS radio pulses added to
measured background waveforms from a prototype station
of IceCube’s surface array enhancement.
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To experimentally test the performance of the CNNs, the
networks were applied to air-shower events recorded over
106 days, triggered by the scintillation panels of the
prototype station. The results were compared to a reference
SNR method.

For both methods, the reconstructed arrival directions
and comparisons with IceTop energy estimators confirm
that we detect the radio pulses originating from air showers.
This enables a direct comparison between the CNN and
SNR methods, not only with simulated data, but also with
these real air-shower measurements.

The CNN-based approach offers multiple advantages,
particularly at low and intermediate SNR

(i) The CNNs improve the precision and bias of the
reconstructed radio pulse power and arrival time, as
confirmed on an independent validation dataset. At
high SNR values, where the uncertainties are already
low, the CNNs perform comparably to the reference
SNR method, which makes them most useful for
waveforms with low and intermediate SNRs.

(i) The CNNs increased the number of detected air-
shower events by nearly a factor of five compared to
the SNR method. Comparison with IceTop shows
that most of the additionally identified events are of
lower energy than those identified with the SNR
method.

(iii) Despite applying the same 95% background rejec-
tion per antenna, the CNNs yielded substantially
fewer false positives than the SNR method. This
indicates that false positives in the SNR method are
more likely due to correlated background across
antennas, whereas the CNNs are more robust against
such correlations.

Several insights emerged during network development
that are relevant for future applications in other radio
arrays. For training the networks, it was important to use
the background recorded by the same antennas and data
acquisition system to which the networks would sub-
sequently be applied. Training on the simulated back-
ground proved insufficient, likely due to its oversimplified
representation of realistic, complex background noise.
Moreover, the real background also varied between anten-
nas, e.g., because anthropogenic RFI depends on the
orientation and position of the antennas and because the
electronics response of the data-acquisition varies slightly
from channel to channel. Additionally, leveraging both
polarization channels simultaneously improved network
performance, as this captures the real correlations in the
background of both channels. Multiantenna correlations of
both the background and the signal of an event can be
considered in future work. This would need a drastic
increase in computational resources, as noise and signal
show different correlations, adding another dimension to
the phase space. Further improvement of the denoiser
might be possible, e.g., by upsampling of the input

traces [48], which can be achieved with a modest increase
of computational resources.

Finally, the selection criteria based on network outputs,
can be adjusted for different needs. For example, if a
particular physics analysis demands a purer data sample, a
higher classifier score can be set to further reduce the false
positive rate. This flexibility could be particularly useful for
self-triggering radio experiments like GRAND [49] or
PUEO [50], which require low FPR. Radio setups that
are triggered by other air-shower detectors, like the IceTop
enhancement, can typically tolerate a higher FPR and will
primarily benefit from the lower detection threshold
achieved with the CNNs. As demonstrated with the three
prototype antennas of IceCube’s surface enhancement, the
CNNs enable detection of air showers down to a few tens of
PeV. We thus expect that they will play an important role
for radio detection with the IceCube-Gen2 surface array
[51], as well as for other externally triggered radio experi-
ments, such as at the Pierre Auger Observatory [52-54] or
the POEMMA-Balloon with Radio [55].

In conclusion, the neural networks developed in this
work are a valuable tool for improving radio-based cosmic-
ray detection. These networks can enhance the science
reach of existing radio arrays, e.g., by lowering their
detection threshold, and will contribute to achieving the
science goals envisioned for future experiments.
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