
P
o

S
(

A
R

E
N

A
2

0
2

6
)

0
1

1

Searching for Cosmic Rays in the Deep Antennas of
RNO-G

Bryan Hendricks𝑎,∗ and Stephanie Wissel𝑎,𝑏,∗ for the RNO-G Collaboration
𝑎Penn State, Physics, Institute for Gravitation and the Cosmos
251 Pollock Rd., University Park, PA USA

𝑏Penn State, Astronomy and Astrophysics
251 Pollock Rd., University Park, PA USA

E-mail: blh5615@psu.edu, wissel@psu.edu

The Radio Neutrino Observatory in Greenland (RNO-G) is designed to detect neutrinos at ultra-
high energies, exploiting Askaryan emission in ice. However, this emission is not exclusive to
neutrinos. Cosmic ray air shower cores can continue cascading in the ice, producing Askaryan
emission that in limited cases cannot be rejected by simple vetoes. Rather than being purely
a background concern, these neutrino-like cosmic ray signals also provide validation of the
detection pipeline using real impulsive events, complementing simulation-based approaches. The
significantly higher cosmic ray flux in the relevant energy range also makes this a practical
calibration source. This work presents progress on RNO-G’s cosmic ray search in its deep
antennas, where the neutrino sensitivity is highest and cosmic ray identification is critical.
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1. Introduction

The Radio Neutrino Observatory in Greenland (RNO-G) is an ultrahigh-energy neutrino ex-
periment under construction at Summit Station in Greenland [1]. It is designed to detect Askaryan
radiation with a large area hybrid radio instrument, combining deep antennas with surface antennas.
A key milestone for the experiment is the detection of cosmic rays, which will both validate the
experimental technique through studies of radio emission in situ and provide a natural astroparticle
physics beam with high statistics that can be used to tune analysis techniques.

Cosmic rays in RNO-G can be detected through multiple channels. Cosmic ray air showers
generate radio emission through a combination of geomagnetic emission and a sub-dominant
Askaryan radiation component. Air showers have also been shown to penetrate into the ice to
produce a compact shower that radiates predominately in Askaryan radiation [2]. A search in
RNO-G’s upward-facing surface channels has detected several air shower events already and is
being used to validate the thresholds of the surface trigger for the experiment [3]. With the deep
channels, we expect to detect both the radio emission from air showers and Askaryan radiation from
the compact ice showers.

RNO-G builds most of its sensitivity using a compact array of antennas deployed 100-m below
the surface of the ice. Initially, the deep trigger was based on a high-low coincidence trigger [4].
The deep trigger was upgraded to a phased array trigger in 2024 [5]. For this reason, the initial data
selection included in the deep cosmic ray search includes the data from 2022 and 2023 for all seven
stations deployed by that time. In these proceedings, we are exploring the 2022 dataset. The 2022
livetime is shown in Fig. 2.

The analysis steps are shown schematically in Fig. 1. Ten percent of the data is randomly
selected across the full livetime to form a burn sample which we use to develop the analysis. We
next apply quality cuts to the dataset. Runs are removed where the stations are not in nominal
data collection mode and when the trigger rate exceeds 2 Hz, averaged over the run. The quality
cuts remove ∼ 4% of the data. To develop the analysis, cosmic ray signals are simulated with the
NuRadioMC framework (Sec. 2). Both cosmic ray simulations and the burn sample are processed
using the same analysis tools. Data are first cleaned to remove sources of non-thermal noise. Then
a boosted-decision-tree based classifier is used to identify impulsive cosmic-ray candidates from
the dominant thermal noise background.

Figure 1: Flowchart of the analysis pipeline for the deep cosmic ray search in RNO-G.
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Figure 2: Livetime for all seven stations. The blue represents the raw recorded livetime. The orange
shows the livetime remaining after the initial quality cuts. The green shows the livetime remaining after the
non-thermal background cuts including the wind, airplane, spatiotemporal, rate-excursion, solar-flare, and
intra-run trigger rate cuts.

2. Cosmic-Ray Simulations

Simulations of radio emission from cosmic rays based on the FAERIE framework are under
development [6]. To make progress, we produced a set of simulations using NuRadioMC neutral
current neutrino showers injected within the first 1-m of the ice surface [7]. These simulations are
meant to serve as a proxy for the Askaryan radiation generated by penetrating cosmic ray showers.
However, radio emission from a true cosmic ray shower should lose coherence relative to a compact
neutrino-induced cascade because the shower particles enter the ice spread over a laterally extended
area, with an expected decoherence factor 𝑓 in the range of 0.1 to 0.9 [7]. The simulated events
are combined with channel-specific noise from events that are recorded in an unbiased way by
triggering once every ten seconds.

For each triggered neutral current event with inelasticity 𝑌 , primary energy 𝐸𝑝, zenith 𝜃

𝐸shower = 𝑌 · 𝐸𝑝 (hadronic cascade)
𝐸dep = 𝐸shower/ 𝑓 (equivalent deposited core energy)

𝑤𝑖 = ΦColeman
(
log10 𝐸dep, cos 𝜃

)
· 𝐴thrown 𝑇live
𝑁thrown in bin

where the area thrown is 𝐴thrown = 𝜋(200 m)2 ≈ 0.126 km2, the livetime is 𝑇live, and 𝑁thrown

is the number of simulated events in a given (log10 𝐸𝑝, cos 𝜃) bin. The flux ΦColeman is the binned
flux from Ref. [7] extrapolated to low energies. The total rate is

∑
𝑖 𝑤𝑖 over all triggered sim events.

Assuming 𝑓 = 0.3 and using the NuRadioMC Monte Carlo, we estimate that RNO-G should
be sensitive to ∼20 cosmic rays per station per year.

Parameter Range Distribution (thrown)

Vertex depth within 1 m of surface uniform
Azimuth 𝜙 [0, 2𝜋) uniform
Zenith 𝜃 cos 𝜃 ∈ [0.5, 1] uniform in cos 𝜃
Energy log10(𝐸/eV) ∈ [16, 19] uniform in log10 𝐸
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Figure 3: Signal-to-noise ratios and impulsivities for the 2022 10% sample from station 13 compared with
the cosmic ray simulations. The burn sample, which should be almost entirely thermal noise, is clustered
towards lower SNRs and impulsivities.

3. Event Reconstruction and Feature Selection

Each event is analyzed and assigned several different “features”, which aim to cleanly sepa-
rate cosmic-ray-like signals from thermal noise. Impulsive cosmic-ray like events are identified
through several groups of features including the signal-to-noise ratio (SNR), kurtosis, entropy, and
impulsivity. The voltage SNR is the peak-to-peak voltage divided by 2 times the root-mean-square
of the noise. The noise RMS is estimated by splitting the waveform into four segments and taking
the mean of the two segments with the lowest RMS. For kurtosis, we use Fisher’s (biased) kurtosis
of the trace, equivalent to scipy.stats.kurtosis (4th standardized moment − 3). For entropy,
we use Shannon entropy of a 50-bin histogram of the trace amplitudes. And for impulsivity we
use 2 ⟨CDF⟩ − 1, clipped to [0,∞), where CDF(𝑘) is the cumulative fraction of Hilbert-envelope
power in the 𝑘 samples closest to the envelope peak, and ⟨·⟩ its average over 𝑘 . These waveform
features are calculated for each individual deep channel, on different groups of antennas, and on the
coherent sum of the antenna groups. The antenna groups include all vertically polarized antennas
(Vpols), all horizontally polarized antennas (Hpols), all of the deep channels, and all of the phased
array Vpols. We compute the coherent sum of each antenna group by aligning their signals in time
and summing the time-domain voltages.

Events are reconstructed to determine the arrival direction of the signal using a three-dimensional
reconstruction in (𝜌, 𝜙, 𝑧) with an origin at the phased array. We save the maximum correlation
𝐶𝑚𝑎𝑥 , the surface-region correlation parameters, and the coordinates and correlations of the three
highest local maxima of the correlation map, whose relative strengths measure how unambiguous
the reconstruction is. 𝐶𝑚𝑎𝑥 is the maximum correlation of the 3D interferometric correlation map
taken over the full (𝜌, 𝜙, 𝑧) search volume. The surface region correlation is the 𝐶𝑚𝑎𝑥 restricted
to depths below 10 m from the surface of the ice. Similarly, the surface-correlation zenith angle is
𝐶𝑚𝑎𝑥 for reconstructed zenith angles ≤ 65◦, measured from the center of the phased array. Addi-
tionally we apply a causal hit filter on the phased array channels that checks that the arrival between
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Figure 4: (Left) Schematic representation of the BDT classifier used in this analysis to separate cosmic ray
signals and thermal backgrounds. (Right) The data partitions. The 2022 dataset is split into a 10% burn
sample and a 90% blinded search sample. Within the burn sample, 10% is also reserved as a pre-registered
holdout and the remainder is divided into five folds; each model trains on four folds and scores the held-out
fifth, so every event receives an out-of-fold score.

phased array channels is consistent with a plane wave. Features from this filter are included in the
classifier.

Fig. 3 demonstrates how two of these features can be used to isolate the more impulsive cosmic
ray simulations from thermal noise. The BDT-based classifier is designed to combine the separating
power of all of the features.

4. Non-Thermal Background Cuts

We apply additional cuts prior to classification to remove known sources of non-thermal noise.
A wind speed cut removes impulsive radio noise produced by the triboelectric effect [8]. Events
are cut if the wind speed is > 10 m/s. Events are also removed if an airplane passes overhead [9].
The cut removes events where a publicly-logged flight passes within 50 km laterally from a station
and the event time falls within ±150 s of a the airplane’s closest approach.

We also remove events that are clusters in time and space. The high trigger rate cut places the
first level cut at the quality cut stage, but we have also found that an intra-run trigger rate cut is
necessary for removing additional bursts of high trigger rates inside an otherwise typical science
run. These runs were removed from the analysis. We apply a spatiotemporal clustering algorithm
that applies a nearest neighbor test in time and direction. The final livetime after applying these
non-thermal cuts is shown in Fig. 2.

5. Classifier Selection and Training

We trained a Boosted Decision Tree (BDT) classifier to separate any remaining impulsive
cosmic ray events from the more prevalent thermal backgrounds. The BDT captures non-linear
feature interactions that a linear model might not. It is agnostic to functional-form assumptions,
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but is instead trained on the empirical distributions of each feature and can be robust to any residual
feature correlations after selection. We train the BDT using the balanced signal and background
classes. We use the cosmic ray proxy simulations as the signal class and the cleaned burn sample
as the background class. The burn sample is further sub-divided to keep the classifier evaluation
and the background estimation unbiased: 10% once again is reserved as a pre-registered holdout,
left untouched until the analysis is frozen, and the remainder is split into five class-stratified folds,
which is shown schematically in Fig. 4. Five models are created, each trained on four of the folds
(80%) and scoring the held-out fifth (20%), so that every event carries an out-of-fold score free of
training-set optimism; search events receive the mean score of the five models.

After running both the burn sample and the cosmic ray proxy simulations through the trained
BDT, we can predict the expected number of events that pass cuts for a given threshold. The
preliminary trained BDTs for stations 13 and 23 are shown in Fig. 5. The preliminary results are
presented in Table 1.

We apply an unbinned exponential tail fit to the burn sample to estimate the background. The
score tails are sparsely populated and subject to fluctuations, so the fit uses the five-fold structure
described above. An exponential is fit to the top 0.2% of the out-of-fold scores in each fold
separately. To arrive at a background estimate, the fits are summed and integrated from a given
threshold outward and scaled up based on the full exposure in the dataset. Then the ∼50–70 tail
events per fold are redrawn from a Poisson distribution and the fit is redone; this process is performed
over 100,000 trials to calculate the uncertainty interval over the 16–84% spread of the integrals in
the trials. One outlier from station 13 with a high BDT score, which is still under investigation, is
excluded from the classifier training pool and from these background fits.

The threshold, 𝜏, for each station was set by scanning over the out-of-fold burn scores and
freezing each station’s threshold where the expected thermal background in the full search livetime
falls to approximately 0.01 events.

The number of expected events is estimated by applying the energy-dependent signal efficiency
at the chosen 𝜏 to the known cosmic ray flux, folding in the decoherence factor.

Station 𝜏 𝑁sig 𝐵𝑡ℎ

13 12.25 1.8 0.013 [0.009, 0.085]
23 11.75 1.6 0.010 [0.003, 0.059]

Table 1: The chosen BDT thresholds, expected signal 𝑁sig at the nominal coherence fraction 𝑓 = 0.3 and
expected thermal (𝐵𝑡ℎ) backgrounds at the full 2022 search livetime.

6. Conclusions and Outlook

We presented the current status of the CR-search pipeline for the deep channels. The livetime
after applying quality cuts and non-thermal background cuts for all seven stations in 2022 is
421.2 d. The cosmic-ray search is a BDT trained on features that operate on the observed channel
waveforms, causal timing, and the reconstructed signal geometry to identify non-thermal impulsive
cosmic-ray-like candidate events.
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Figure 5: The trained BDTs for the 2022 data from stations 13 and 23. The summed per-fold exponential tail
fits are used to estimate the background as described in the text. The thresholds 𝜏 (purple dashed) are chosen
to arrive at a background estimate of order 10−2. The cosmic ray proxy simulations are used to estimate the
signal efficiencies and expected number of signal events.

We presented the current status of the search which includes a thermal background estimate
and the expected signal rates. For each station, we establish a background estimate based on an
unbinned exponential tail fit to the burn sample. Our preliminary estimate predicts that we will
observe multiple events in stations 13 and 23 for 2022. This is likely an underestimate since it is
only for in-ice shower cores based on the NuRadioMC cosmic ray proxy simulations. Simulations
that model the full air shower and ice shower from cosmic rays are under development using the
FAERIE framework [6].

After applying the search in the full dataset, the remaining high-score events will undergo a
set of validation checks to qualify them as CR candidates. We expect the cosmic ray candidates
to reconstruct near the ice surface and the pulse characteristics across the array should match a
cone-like geometry. The radio signals should carry a distinct polarization and spectral signature
and should not correlate to sources of known anthropogenic or non-thermal impulsive backgrounds.
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