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Resulting models

Abstract Performance of different ML methods

The Kp index is a global measure of geomagnetic activity and it represents
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regression problems, which produces a hierarchy of weak
prediction models iteratively. In a regression problem, every
new model is trained to fit the residual between the actual
target variable and the prediction value given by the previous
model. It requires a differentiable loss function.

multivariate nonlinear relationships between input and
output data. It has an input, output and a number or hidden
layers. Each node in the layer is a Neuron, which can be
thought of as the basic processing unit of a Neural Network.
The information in the FNN moves only forward, from input
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Examples of Kp prediction for different horizons.
DoY = day of year
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