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The monthly averages of daily measurements of the number of sunspots is one of the most characteristic
indicators of solar activity. It has been observed and recorded for more than two centuries, exhibiting
patterns that approximately repeat every eleven (11) years. Forecasting the number of sunspots is
useful in various fields affected by solar activity, such as satellite communications and high-frequency
telecommunications.

We approach the problem of forecasting the number of monthly sunspots within the framework of
Supervised Machine Learning, by applying Gaussian Process Regression, using kernels with periodic com-
ponents. The Gaussian Process Regression method, in addition to generating accurate point predictions,
also computes corresponding prediction intervals. These intervals represent a range of values that is ex-
pected to contain the true value of the process with a predefined probability. Gaussian processes exploit
existing knowledge about the behavior of the data and their mutual correlations in order to interpolate
this information at intermediate and future time points, thereby achieving a better approximation of the
target function. The specification of the correlations between values of the modeled function is accom-
plished through the kernel function, which constitutes the central ”engine” of the trained model. Suitable
kernels must possess properties compatible with the function being modeled.

We investigate kernels with periodic characteristics that are typically used in machine learning, as
well as a kernel based on the Brownian oscillator model. This kernel comprises harmonic functions with
exponentially decaying amplitude. The estimation of the kernel parameters from the data is performed
using Maximum Likelihood, as well as two other methods that exploit the sample autocorrelation function
of the training data. Furthermore, we introduce an innovative prediction framework that utilizes ensemble
learning via a weighted-average aggregation of weak learners.

In summary, the models that we present effectively capture —via the respective kernels— the short-
time fluctuations (over small temporal scales) and the periodic correlations (across consecutive Solar
Cycles) exhibited by the time series. Notably, the best-performing model attains a Root Mean Square
Error of 8.37 and a Relative Root Mean Square Error of 3.61 % over a validation set that contains 40
monthly values.
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