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Abstract. A convolutional neural network is developed for detecting a sinu-
soidal signal in unevenly sampled time series with periodic gaps and Gaussian
white noise. The model, trained with binary cross-entropy, approximates the
Bayesian posterior probability in the limit of infinite sample size. On test
data, the network’s root-mean-square deviation from the theoretical detec-
tion probability is about 0.07, while its processing speed exceeds numerical
Bayesian modelling by 5–6 orders of magnitude. A critical sensitivity to ini-
tial weights is revealed, and empirical distributions for their initialization are
proposed.

Introduction
The search for periodic signals is an important problem in astronomy (exoplanet
detection, variable stars) and other fields. This work investigates the potential
of artificial neural networks for detecting a sinusoidal signal in noise. The main
goal is to assess the capabilities of neural networks, identify “pitfalls”, and outline
directions for further development. As a test case, we consider the detection of a
harmonic signal in an uneven time series with gaps and Gaussian white noise. The
neural network effectively emulates the Lomb–Scargle periodogram [1], [2].

Bayesian interpretation of the neural network classifier
When a neural network is trained with the binary cross-entropy (BCE) loss func-
tion, minimisation in the limit of an infinite sample leads to the network output
approximating the posterior probability of signal presence, g1(x) = P (ω1|x). This
generalises the known result for the L2 mere [3]. The derivation is based on varia-
tional calculus: the BCE functional attains its global minimum at F ∗(x) = g1(x).
Second variations show that BCE is more sensitive to errors in regions where the
posterior probability is close to 0 or 1, i.e. near the boundaries.
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Uneven time series with gaps

The time series may be uneven (a model with periodic gaps; the parameters λ and
µ are chosen randomly: λ ∼ B(1, 2) and µ ∼ B(1, 1)), and may contain an arbitrary
offset and noise variance. To remove the influence of offset and variance, each series
is centred and normalised. The input data are supplemented with information
about the observation times through the spectral window. For each frequency fk,
both Ω(fk) and Ω(2fk) are included in the feature vector (the latter is related
to the generalised Lomb–Scargle periodogram [4]). A switch to a convolutional
architecture is made: the first layer is a convolutional kernel of size 1×6×m (where
6 is the number of input channels: real and imaginary parts of the DFT, Ω(fk),
Ω(2fk), the second layer is a convolution 1×m× 1, followed by a fully connected
layer and the output. This reduces computational cost and allows scaling.

The problem of initial weights

Training with random weights practically never converged to a good minimum
due to “dead” neurons and subtraction of nearly equal numbers. An empirical
initialisation for the weights of the first layer was proposed, based on modelling
parameter distributions to avoid pathologies. For each frequency block, the quan-
tities Hi =

√
(C2

i +S2
i ), Ri = −Bi/Hi, αi = atan2(Si, Ci) were introduced, where

Ci, Si are the weights for the real and imaginary parts of the DFT, and Bi is
the bias. It was found that Hi and Ri are close to normal, αi to uniform, and
the output layer weights Di to half-normal. Additionally, it was empirically dis-
covered that the weights handling Ω(2f) must be related to the DFT weights by
S“

C“ = SC
C“2−S“2 , S“2 +C“2 ≈ 0.5(S2 +C2). Setting such initial approximations sig-

nificantly improved convergence. The weights for Ω(f) turned out to be not very
informative and had little effect on accuracy. This starting point allowed reaching
a meaningful minimum. The optimal block size is 16 or 32 neurons.

Figure 1. Neural network structure.
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Results
For a test sample of 40,000 series, the Bayesian posterior detection probability
of 0.3851. The convolutional network with m = 16 or 32 achieved BCE of about
0.4048 and 0.4047, respectively, and a root-mean-square error of about 0.07. A
comparison on a two-dimensional histogram showed good agreement with the theo-
retical posterior probability, with the majority of points concentrated in the corner
regions (probabilities near 0 or 1), where BCE is most sensitive [5].

Figure 2. Comparison of the final neural network model out-
put with the Bayesian posterior probability of signal presence. A
two-dimensional histogram is shown, where colour indicates the
density of test points (40,000 points in total from the validation
sample).

Discussion and prospects
The main advantage of the neural network model is its processing speed: running
through 106 series takes about 1 minute on a GPU, while computing the Bayesian
probability for 40,000 series on a CPU took about a week (a gap of 5–6 orders
of magnitude). This makes the method suitable for processing large astronomical
catalogues. However, training is extremely sensitive to initial weights – without
an empirical “hint”, convergence to the global minimum is unlikely. Future plans
include:
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• increasing the number of observations K and the spectral range;
• adapting the model for non-sinusoidal signals (e.g., highly eccentric orbits);
• accounting for correlated noise (non-uniform spectrum).

Thus, the work demonstrates that neural networks can effectively approximate
Bayesian inference in periodic signal detection, but they require careful tuning
of initial conditions. The proposed approach can serve as a foundation for more
complex applications.
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