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Abstract Existing methods for forecasting the solar Fio7 index, which are
primarily based on statistical analysis and machine learning, often struggle to
simultaneously capture its temporal dependencies and nonlinear characteristics.
This limitation is particularly evident during solar maximum periods, when radio
burst events cause anomalous fluctuations in the index, leading to prediction errors
significantly higher than those during solar minimum. To address this critical
challenge, this paper proposes a mid-term forecasting method for the solar Fi¢7
index. The approach innovatively integrates a Long Short-Term Memory (LSTM)
network with a Fully Connected Neural Network (FCNN) and incorporates the
sunspot number (SSN) as a key influencing factor, establishing a hybrid prediction
model driven by multiple input variables. Prediction experiments for a 7-day
horizon were conducted using measured F19 7 index data from Solar Cycles 24 and
25. The results demonstrate that the model achieves a correlation coefficient of
R=0.95 with the observed values and a Root Mean Square Error (RMSE) of 11.11
sfu, representing an approximate 14.87% reduction in RMSE compared to the
SWPC baseline. Furthermore, analysis of the improvement attributable to
introducing SSN as an exogenous input variable revealed that the average annual
correction contribution of SSN was about 7.24% for predictions during solar
minimum years, increasing to 15.14% for predictions during solar maximum years.
Systematic analysis and experimental validation confirm the effectiveness of the
proposed hybrid model in characterizing complex solar activity features. By fully
leveraging the informational value embedded in the SSN series, the model
significantly enhances the accuracy and reliability of Fio7 index forecasts.
Keywords Solar Fi0.7 index, Sunspot number , Long short-term memory
neural network, Multi-input hybrid model , midrange forecasting
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Figure 1. F10.7 data from 1958 to 2023
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Normalized F10.7 and Sunspot Number Time Series
Min-Max Normalization
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Figure 4(a). Time series decomposition using STL algorithm - Original data
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Figure 4(b). Time series decomposition using STL algorithm - Trend component
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Figure 4(c). Time series decomposition using STL algorithm - Seasonal component
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Figure 4(d). Time series decomposition using STL algorithm - Residual component
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Figure 5. Structure of the Long Short-Term Memory neural network unit
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Table 1. Parameter configuration of LSTM network and improved composite forget gate

LSTM network model
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Tk BT 1.0 1.0
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TR A F (factor) 0.5 0.5
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Table 2. Prediction error of LSTM network and improved compound forget-gate LSTM

network model 7 days in advance
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Figure 9(a). Details of Trend Component Model Loss Value Changes
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Figure 9(b). Detailed Changes in Residual Component Model Loss Values
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Figure 10(a) . Output results of the improved LSTM network for the trend component sub-
sequence during the best prediction period
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Figure 10(b) . Output results of the improved LSTM network for the trend component sub-

sequence during the worst prediction period



Seasonal Component

Best Period: Residual Component Comparison
MAE: 2.82, RMSE: 3.36
Date Range: 2019-07-29 to 2019-12-25

=~ Actual Residual
—=~ Predicted Residual

A
’
. i \”\/\ /
o

Residual Component
s

& < o o Ry
5 N % o g
) ® » P ©

90

Date

B 11(a) B 225 8301 17 51 6 50k ) LSTM WA 255 g i Tl inf B L 435 2R
Figure 11(a). Output results of the improved LSTM network for the residual component sub-

series during the best prediction period
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Figure 11(b). Output results of the improved LSTM network for the residual component sub-

series during the worst prediction period
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Figure 12(a). Output results of the seasonal predictor for the seasonal component subseries
during the best prediction periods
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Figure 13(a). Output results of Reconstruct sequence during the best prediction periods

Worst Period: Uncorrected F10.7 Comparison
MAE: 21.09 sfu, RMSE: 25.59 sfu
Date Range: 2014-06-08 to 2014-11-04

—s— Actual F107
2201 —= Uncorrected Predicted F107

‘2,

‘ S
o N
A A

<o,

Date

B 13(b) H A PP 51 5 22 TN i B Hh 45 2R

Figure 13(b). Output results of Reconstruct sequence during the worst prediction periods
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Figure 14(a). Output results of Incorporating SSN into the FCNN Network to Refine

Predicted Sequences during the best prediction periods
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Figure 14(b). DOutput results of Incorporating SSN into the FCNN Network to Refine

Predicted Sequences during the worst prediction periods
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Figure 15. Experimental results of 7-day-ahead F10.7 forecast from 2011 to 2021 using an
LSTM-NN hybrid model
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Table 4. Experimental results of forecasting Fio.7 seven days in advance using an LSTM-NN
hybrid model for the period 2011 to 2022 , including errors and average correlation coefficients

Year RMSE(sfu) MAPE(%) NMSE R
2011 13.86 9.11 0.15 0.92
2012 12.79 7.95 0.13 0.93
2013 10.81 6.89 0.10 0.95
2014 20.04 10.45 0.21 0.89
2015 15.67 9.24 0.18 0.91
2016 8.70 7.31 0.09 0.96
2017 8.36 6.14 0.08 0.96
2018 3.95 4.52 0.05 0.98
2019 4.10 4.59 0.05 0.98
2020 4.58 4.61 0.07 0.97
2021 6.26 5.68 0.07 0.96
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