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Prediction of day-ahead photovoltaic power generation based on VMD-MWOA-ELM
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Abstract; In order to improve the prediction accuracy of photovoltaic power generation, a photovoltaic day
-ahead prediction method combining variational mode decomposition, multi-strategy improvement whale optimi-
zation algorithm and extreme learning machine( ELM) was proposed. By utilizing variational mode decomposi-
tion to decompose key meteorological factors that affect photovoltaic power, the intrinsic mode components with
different characteristic patterns were obtained, which degraded the random volatility of the data and reduced
the impact of noise. The final photovoltaic power prediction results were obtained by introducing the multi-
strategy improvement whale optimization algorithm ( MWOA) to optimize the weights and bias coefficients of
the ELM mode. The simulation results validated the effectiveness and superiority of the proposed method.
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