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lonospheric scintillation is the rapid fluctuation of radio signals traversing through ionospheric irregularities. [ ®o]ga|ef=1gs{o1alol o | ai=)g=lal e[ (010] o} o) i o1 = gLl el g
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The ionospheric scintillation data used in this study were collected from eight GPS receivers belonging to the  latitudinal and solar activity dependences, and the '. |
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Figure 2a shows an example of S4 (gray dots) and its peak value (red dot) at dip lat. -12° during pre-midnight ~ With Figure 5g, it is clear that the model built with all 3
hours on March 25, 2015. Figure 2b shows the temporal variation of TEC (gray curve) and its moving average  the parameters shows a good agreement with the
(thick gray curve) using a time window of ten minutes. The variability of the F layer critical frequency (foF2)  Observation. -8 il
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and peak height (hmF2) as a function of local time is shown in Figure 2c-d. Year
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In general, the construction process of the prediction model is shown in Figure 3. Firstly, the dataset Is built ° _182 M { _ i i '
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scintillations over low latitude. This opens a possibility for scintillation forecasting with acceptable accuracy
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