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Abstract Solar flare forecasting is an essential component in space environment forecasting. Most of
the deep learning flare forecasting models constructed are based on the magnetograms of active regions.
Affected by the projection effect, these models can only forecast the active region in the center of the
Sun. It is difficult to meet the need of operational flare forecasting of the solar full disk. Based on the

traditional solar activity parameters, in this study, the relationships between the magnetic type of the
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active region, area of the active region, the history of the flare outburst, the 10 cm radio flux and flares
from January 1996 to December 2022 were statistically analyzed. By using the fully connected neural
network, an operational flare forecasting model for solar full disk active regions was constructed. This
model can forecast the eruption of the M-class or above flares of the full solar disk active regions in the
next 48 h. The F1 score of the model is 0.4304, the TSS is 0.3689, and the HSS is 0.3906. The model is
compared with the deep learning flare forecasting model constructed in the previous work, and the re-
sults show that the operational forecasting model constructed in this paper has a better forecasting per-
formance. Meanwhile, in order to explore the influence of the projection effect, the solar full disk active
regions flare forecasting model constructed was tested for test data within 30 degrees from the center of
the solar disk, within the interval from 30 degrees to 60 degrees, and over 60 degrees, respectively. The
results show that the projection effect has little influence on the flare forecast model constructed in this

study. The model can be used to forecast flare in the active region of the full solar disk, and provide an
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effective tool for operational solar flare forecasting.
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Table 1

Statistical relationship between the magnetic types of active regions and

flares considering the history of flare eruptions

- it %24 hNARER A =MEURBE i %24 hNER R =MYUREE
a 10275 112 0.0109 38 8 0.2105
B 19008 743 0.0391 281 74 0.2633
¥ (v, B-y) 2559 472 0.1844 357 180 0.5042
8 (8, 8-y, B-y-5, p-) 791 316 0.3995 375 274 0.7307
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Statistical relationship considering the history of flare eruptions between

the magnetic types of active regions and flares
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Table 8 Comparison of model forecast performance
=2 Lp<30° 30°<Lp<60° Lo>60°
Np 93 88 54
Nrp 114 126 106
Nren 138 96 42
Nix 3122 2680 1674
Fori 0.4247 0.4422 0.4219
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Table 9 Comparison of model forecast performance in
the same data source
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