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An essential part of any analysis using radio detector data is robust and accurate reconstruction
of the physical parameters governing the observed signals. However, most current reconstruction
methods ignore bin-to-bin noise correlations, which limits reconstruction resolution and prevents
reliable event-by-event uncertainty estimates. In this contribution, we present a likelihood-based
approach to reconstruction that correctly models the band-limited/correlated nature of radio de-
tector noise. This enables correct event-by-event uncertainty estimates, improves reconstruction
accuracy, and has applications in detector optimization. We demonstrate the method on simulated
in-ice neutrino and cosmic-ray air-shower events. The reconstruction code is available through
the open-source software NuRadioReco.
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1. Introduction

Radio detection of ultra-high-energy astrophysical particles is a rapidly advancing technique
with applications to both cosmic-ray and neutrino detection. For cosmic rays, experiments such
as AERA and LOFAR have demonstrated the ability to detect and reconstruct radio emission
from extensive air showers, providing a complementary measurement of the depth of the shower
maximum, 𝑋max, which is an important observable for determining the mass composition of the
cosmic-ray flux [1]. The AugerPrime upgrade of the Pierre Auger Observatory further expands
the role of radio measurements by equipping all surface detector stations with radio antennas. For
ultra-high-energy neutrino detection [2], radio detection is currently being employed by experiments
including the Askaryan Radio Array (ARA) and the Radio Neutrino Observatory in Greenland
(RNO-G), while the planned IceCube-Gen2 radio array will consist of approximately 350 detector
stations and substantially increase the sensitivity to ultra-high-energy neutrino fluxes. As these
experiments grow in size and sensitivity, robust reconstruction methods that fully exploit the
information contained in the measured radio waveforms become increasingly important.

Radio detectors consist of ensembles of antennas that coherently measure the electric-field
pulses produced by ultra-high-energy particle showers. When a detector is triggered, either by
radio self-triggering or by external particle detectors, the voltage waveform in each antenna is
recorded in traces of O(1000) samples with nanosecond-scale sampling intervals. An example of
a voltage trace for a signal with and without noise is shown in Fig. 1.
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Figure 1: Example voltage trace of a pulsed radio signal with and without noise.

The noise in radio detectors arises from several sources, including thermal radiation, Galactic
radio emission, and electronic noise. These contributions are shaped by the frequency-dependent
detector and readout response, resulting in band-limited noise spectra. An example of a realistic
noise spectrum is shown in Fig. 2 (left). The magnitudes of the complex Fourier coefficients of the
summed noise are Rayleigh-distributed, forming the basis of the likelihood description presented
here. In contrast, anthropogenic noise can produce narrow-band continuous-wave (CW) signals or
short-duration pulses. Such signals can generally be identified and removed during standard data
cleaning and event selection.

A common challenge for radio detector experiments is to identify and reconstruct signals in
the presence of noise. The simplest approaches are based on summary statistics calculated per
antenna for each event, such as signal-to-noise ratios (SNRs), signal arrival times, and impulsivity.
These observables are then compared to simulations to classify events according to different signal
hypotheses, and to infer physical properties of the underlying shower, such as its energy and arrival
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Figure 2: Left: Example of a realistic noise spectrum for an in-ice radio detector. Middle: The covariance
matrix of the noise derived from the realistic spectrum (zoom in on 30 ns × 30 ns section). Right: The
covariance of the noise as a function of time between samples. Figure adapted from [3].

direction. Such methods are robust and widely used in radio analyses. However, reducing the
waveforms to summary statistics inevitably discards information contained in the waveform.

A category of methods that retains the full waveform information is forward-folding recon-
struction [4]. In forward-folding methods, a parameterized signal model, such as a simulation or
analytical approximation, is used to estimate the electric fields at each antenna, which are then
folded through the antenna responses. The resulting predicted voltage traces are then compared
with the measured traces using a conventional 𝜒2 objective function, 𝜒2 =

∑
𝑖, 𝑗 (𝜇𝑖, 𝑗 − 𝑥𝑖, 𝑗)2/𝜎2

𝑖
,

where 𝑥 denotes the measured traces, 𝜇 the predicted traces, 𝑖 runs over antennas, 𝑗 over samples,
and 𝜎𝑖 is the noise standard deviation for each antenna. The 𝜒2 is minimized to obtain the best-fit
parameters of the signal model. Forward-folding methods have been shown to improve reconstruc-
tion uncertainties compared to previous approaches and have been successfully applied in a range
of radio analyses (see, e.g., [5]).

However, the 𝜒2 objective function does not provide a complete statistical description of radio
detector noise. Because the noise is band-limited, neighboring samples in a trace are correlated,
whereas the 𝜒2 formulation above assumes independent samples, corresponding to a diagonal noise
covariance matrix. Neglecting these correlations limits reconstruction resolution and leads to incor-
rect uncertainty estimates. A solution to this problem was proposed in Ref. [3], which provides the
probabilistic description of band-limited radio noise and enables likelihood-based reconstruction
using the full noise covariance matrix. This approach can improve reconstruction performance
for most radio reconstruction tasks while providing event-by-event uncertainty estimates. In this
contribution, we summarize the likelihood-based reconstruction method and demonstrate its appli-
cations to neutrino and cosmic-ray reconstruction, fast uncertainty estimation, and matched-filter
signal classification. For more extensive documentation, we refer the reader to [3].

2. Likelihood description for radio detector signals and noise

The probability density function of noise with band-limited and Rayleigh-distributed frequency
amplitudes is a multivariate normal distribution in the time domain with dimensionality equal to
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the number of samples in a trace, 𝑛𝑡 :

𝑝
(
𝒙; 𝝁(𝜽),𝚺

)
=

1√︁
(2𝜋)𝑛𝑡 |𝚺 |

exp
(
− 1

2
(
𝒙 − 𝝁(𝜽)

)T𝚺−1 (𝒙 − 𝝁(𝜽)
) )
, (1)

where 𝒙 is the trace represented as a vector, 𝝁(𝜽) is the mean of each bin, which is equal to the
signal parameterized by 𝜽. The covariance matrix, 𝚺, representing the correlations in the noise, is
derived from its spectrum. An example of a covariance matrix for a realistic spectrum is shown in
Fig. 2 (middle), and the covariance as a function of time between samples is shown in Fig. 2 (right).
From the multivariate normal distribution, the minus two log-likelihood of a signal given a measured
trace is derived:

−2 lnL(𝝁(𝜽); 𝒙,𝚺) =
(
𝒙 − 𝝁(𝜽)

)T𝚺−1 (𝒙 − 𝝁(𝜽)
)
+ constants. (2)

The likelihood can be summed over antennas, and the constants can be ignored in reconstructions.
The same formulation can be expressed in the frequency domain for improved computational
performance (see Appendix B of Ref. [3]). The negative log-likelihood is the optimal objective
function for reconstruction and can be interpreted statistically to derive reconstruction uncertainties
and goodness-of-fit p-values. In the following, we present applications of the method to several
radio reconstruction tasks, demonstrating its improvement over previous reconstruction methods.

3. Neutrino reconstruction

To demonstrate the likelihood-based reconstruction method, we reconstruct simulated neutrino
events from the IceCube-Gen2 radio dataset presented in Ref. [6]. The signal model is a neutrino
simulation performed with NuRadioMC [7]. The reconstruction is performed by minimizing the
likelihood objective function in Eq. 2 with respect to the signal parameters. In this study, the
fitted parameters are the neutrino energy, the arrival direction zenith and azimuth angles, the vertex
position, and the interaction time. To isolate the impact of the objective function, the minimization
is initialized at the simulated true parameter values.

The uncertainties on the reconstructed parameters of interest are obtained by performing profile
likelihood scans, from which confidence regions can be constructed through Wilks’ theorem. An
example of such a scan for the reconstructed arrival direction is shown in Fig. 3 (left).

To validate the uncertainties, the same simulated event is reconstructed 500 times using inde-
pendent realizations of detector noise. For each realization, the likelihood difference between the
true arrival direction, profiled over the remaining parameters, and the best-fit solution is evaluated.
The empirical coverage is then determined by evaluating how often the true direction falls within
any confidence level, which is shown in Fig. 3 (right), demonstrating perfect coverage for the
likelihood-based approach. In contrast, uncertainties derived from the conventional 𝜒2 objective
function, neglecting noise correlations, have incorrect coverage that depends on the noise spec-
trum, signal, and SNR. Furthermore, the likelihood reconstruction yields systematically smaller
uncertainties, reflecting the improved use of the information about the correlations in the measured
waveforms.
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Figure 3: Left: Profile likelihood around the reconstructed neutrino arrival direction zenith (𝜃𝜈) and azimuth
(𝜙𝜈) angles for a simulated IceCube-Gen2 event showing the 68% confidence interval and the true simulated
arrival direction. Right: Coverage as a function of confidence level evaluated for 500 reconstructions of
the same event with different realizations of noise using the likelihood to estimate uncertainties (This work)
compared to using a 𝜒2 without correlations (Prev. work). Figure adapted from [3].

4. Fast uncertainty estimation

The likelihood description of radio detector noise enables fast estimation of reconstruction
uncertainties through the Fisher information matrix,

I𝑛𝑚 =
∑︁

antennas

𝜕𝝁T

𝜕𝜃𝑛
𝚺−1 𝜕𝝁

𝜕𝜃𝑚
, (3)

where the derivatives are taken with respect to the signal parameters 𝜽 . The Fisher information
quantifies the information contained in the measured waveforms about each parameter, and its
inverse provides the Cramér-Rao lower bound,

Cov(𝜽) ≥ I−1, (4)

which gives the minimum average covariance achievable by any unbiased estimator. At sufficiently
high signal-to-noise ratios, the maximum-likelihood estimator is asymptotically efficient, such that
the reconstruction uncertainties approach this bound. Instead of performing a full likelihood-based
reconstruction and profile likelihood scan, the reconstruction uncertainties can hence be estimated
without performing a full profile likelihood scan.

This result is particularly useful for detector optimization studies, where the expected recon-
struction performance must be evaluated for large event sets and many detector configurations.
Furthermore, since Eq. 3 and Eq. 4 can be implemented in differentiable programming frameworks,
it enables gradient-based end-to-end optimization of radio detectors. A differentiable end-to-end
detector optimization pipeline for IceCube-Gen2 radio stations is presented in Ref. [8, 9].
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5. Cosmic-ray electric-field reconstruction

The likelihood-based reconstruction method is also applicable to radio detection of cosmic-ray
air showers. Here, we consider the reconstruction of the electric field measured by a single dual-
polarized antenna. The dataset considered in this study consists of cosmic-ray air-shower pulses
simulated with CoREAS and observed with dual-polarized antennas.

The signal model uses an analytical parameterization of the electric field in the frequency
domain: (

E𝜃,𝑘

E𝜙,𝑘

)
=

(
𝐴𝜃

𝐴𝜙

)
10𝛼· 𝑓𝑘+𝛽 ( 𝑓𝑘− 𝑓offset )2

𝑒−𝑖 (2𝜋 𝑓𝑘 ·𝑡offset−𝜓) , (5)

where the free parameters describe the electric-field amplitudes of the vertical (𝜃) and horizontal (𝜙)
components, spectral shape, phase, and arrival time. The electric field is folded through the antenna
response for an assumed known arrival direction to obtain the expected voltage traces, and the
reconstruction is performed by minimizing the likelihood objective function in Eq. 2 with respect
to the model parameters. From the reconstructed model parameters, the electric-field polarization
and energy fluence are calculated.

The performance of the likelihood-based reconstruction is compared to two commonly used
approaches: forward-folding reconstruction using a conventional 𝜒2 objective function and unfold-
ing followed by noise subtraction. The resulting reconstruction uncertainties on the energy fluence
and polarization are shown in Fig. 4 (left). The likelihood reconstruction provides substantially im-
proved performance, especially at low SNRs. Additionally, the likelihood approach yields unbiased
estimates at lower SNRs than the other methods, which makes it possible to include lower-SNR
antennas in air-shower reconstructions.

Uncertainties on the reconstructed observables can furthermore be estimated from the Fisher
information of the fitted model parameters. The coverages of the 68% confidence intervals are
shown in Fig. 4 (right) and agree with the expected coverage of 68%, validating the uncertainties
estimated by the Fisher information method.

The reconstruction method discussed here can naturally be extended to multiple antennas in
close proximity to each other. This was applied to a cosmic-ray dataset measured by RNO-G,
which was presented in Ref. [10] to cross-validate the main reconstruction results, demonstrating
its applicability to current radio detector experiments.

6. Matched filtering

Beyond parameter estimation, the likelihood formalism also enables statistically optimal signal
detection through matched filtering. This is a well-established technique in gravitational-wave
astronomy to search for known signals in noisy data, using a bank of simulated templates. For a
normalized template, 𝝁0(𝑡s, 𝜽) parameterized by the signal arrival time 𝑡s and model parameters 𝜽,
the matched filter SNR is given by:

SNRmf (𝑡s, 𝜽) =
∑︁

antennas

|𝝁0(𝑡s, 𝜽)T𝚺−1𝒙 |√︁
𝝁0(𝑡s, 𝜽)T𝚺−1𝝁0(𝑡s, 𝜽)

, (6)
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Figure 4: Left: Median reconstruction uncertainties on the energy fluence and polarization as a function of
SNR for the three tested reconstruction methods. Right: Coverage for the 68% confidence interval estimated
with the three methods. Figure adapted from [3].

which is derived from the maximum likelihood estimate of the amplitude of the template given a
measured trace. The matched-filter SNR can efficiently be evaluated for all possible time offsets
and provides the optimal test statistic for the signal template, i.e., if max𝑡𝑠 SNRmf (𝑡s, 𝜽) ≫ 1, the
trace is likely to contain the signal.

The matched-filter SNR was used in a toy-model event-selection study to distinguish noisy
traces containing injected signals from thermal-noise backgrounds. The template, an example
signal trace, and an example background trace are shown in Fig. 5 (left). The resulting ROC curves
are shown in Fig. 5 (right), demonstrating improved signal-background discrimination compared to
a cross-correlation that neglects noise correlations.

In addition to event selection, matched filtering is useful within likelihood-based reconstruction.
Since the signal amplitude and arrival time can be optimized analytically through the matched-filter
statistic, these parameters can be profiled out before the numerical minimization over the remaining
model parameters. This substantially improves the stability and convergence of the reconstruction
algorithms and was used for the neutrino and cosmic-ray reconstructions presented in Sections 3
and 5.

7. Conclusion

We have presented a likelihood-based framework for radio detector data analysis that correctly
accounts for the correlated, band-limited nature of radio detector noise. The method promises to
improve most reconstruction tasks across radio detection, and its advantages arise from exploiting
all available information in the measured traces, constraining the signal to a physical model, and
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Figure 5: Left: Signal template, trace with noise and an injected signal, and trace with triggered thermal
noise. Right: ROC curve for signal vs thermal background classification using the matched filter SNR as the
test statistic compared to using a cross-correlation ignoring noise correlations. Figure adapted from [3].

using the statistically optimal objective functions. It has been successfully applied to a number of
simulation studies, and applications to experimental radio data are in development. The reconstruc-
tion framework is implemented in the open-source software NuRadioReco and is applicable to a
broad range of current and future radio detector experiments.
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