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Figure 1 (Color online) Example of a traditional neural network.
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Figure 2 (Color online) Example of a typical convolutional neural network.
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Table 4 Performance evaluation measures of convolution neural
network model and C4.5 decision tree model
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Solar flare forecasting model based on automatic feature
extraction of sunspots

LI Rong'" & HUANG Xin’

' The Institution of Information, Beijing WuZi University, Beijing 101149, China;
* National Astronomical Observatories, Chinese Academy of Sciences, Beijing 100012, China

The solar flare is one of the most violent solar eruptions. It can affect the space environment in a few minutes. In order to
better deal with the space environment, which is influenced by solar flares, a solar flare forecasting model based on the
automatic feature extraction method is proposed. The input of this forecasting model is established by taking the
continuum image of a sunspot. The convolution neural network with the ability of automatic image feature extraction is
used to build the forecasting model. The McIntosh classifications of the sunspots is considered as the inputs of the
forecasting model in traditional methods. The Mclntosh classifications of the sunspot are specified by an expert with a
certain subjectivity. Compared with the traditional forecasting model based on the Mclntosh classifications of the
sunspot, the proposed flare forecasting model has better forecasting accuracy (In the forecast of M-class flares with a
48-h lead time, the success rate of the deep learning method is increased by 3.7% compared to that of the traditional flare
forecast model, whereas the success rate for the non-flare prediction is increased by 2.8%). In conclusion, the proposed
solar flare forecasting model, which can automatically extract the features of a sunspot, is a practical solar flare
forecasting model.

solar flare, sunspots, convolutional neural networks, automatic feature extraction
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