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Short-Term Prediction of Seasonal Equivalent Inertia Based on BiLSTM
Multi-Algorithm Hybrid Neural Network Model
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Abstract: The grid inertia magnitude measures the frequency stability of the system, and accurate prediction of the system inertia
level in advance can avoid the risk caused by low inertia. To this end, a multi-algorithm hybrid neural network model based on modal
decomposition and feature fusion for short-term prediction of system equivalent inertia is proposed. Firstly, an improved complete
ensemble empirical mode decomposition with adaptive noise is used to decompose the inertia of four seasons, and a new sequence is
obtained by reconstructing the new inertia based on the fine composite multi-scale fuzzy entropy of each decomposed component.
Secondly, the minimum redundancy maximum relevance method is used to measure the correlation between different decomposition
components and different features, and a subset of highly correlated and low redundancy features is filtered out. Finally, a
bidirectional long-short-term memory network model based on Bayesian optimization algorithm is used to predict different
components of different seasonal inertias, and the final prediction results are accumulated. Typical examples at home and abroad are
selected for testing, which verify that the proposed method can effectively balance the prediction accuracy and prediction time, and
solves the problem of seasonal differences affecting the prediction results of system inertia.
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Tab. 3 BIiLSTM hyperparameter optimization results

I a N L L
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Tab. 4 Evaluation values of four prediction methods based on
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Fig. 5 Prediction time and prediction evaluation indexs required
by different models to predict the inertia of different seasons
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Tab. 5 Predictive performance indexes of the six models in different seasons

ik F=s eSS B X2
Evare/  Eyae/S  Eruse/S Enare/® EuaefS EruseS  Buar/® Eyvae/S EpuseS  Euar/® Eyae/S Epuse/S
IRMB 9.2 0. 669 6 0.74 9.5 0.7226 0.8032 8. 64 0.5712 0.6899 7.9 0.4464 0.5066

IRMBS 4.0 0.3317 0.3802 4.7 0.3834 0.5063 5.2 0.3281 0.4154 4.9 0.2659 0.3104
IRMBX 3.3 0.2283 0.2640 2.4 0.1808 0.2247 3.3 0.1826 0.2425 3.5 0.1795 0.2390
IRMBG 3.1 0.2173 0.2524 2.3 0.1785 0.1970 2.5 0.1407 0.1723 2.8 0.1524 0.1832
IRMBL 2.5 0.1662 0.1923 1.7 0.1314 0.1746 2.1 0.1331 0.1413 2.3 0.1297 0.1667
IRMBB 1.5 0.1137 0.1369 1.4 0.1102 0.1388 1.6 0.0876 0.1042 1.5 0.0752 0.0852
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Fig. 6 Prediction effects of different models on the four seasons
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Tab. 7 Comparison of prediction performance of six methods
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Fig. 7 Prediction results of different models using seasonal training set and continuous training set are compared
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