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Data series resolution compression scale optimization based monthly electricity consumption forecasting
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Abstract: Accurate monthly electricity forecasting is the crucial basis to guide the operation plans arrangement of power
grid corporation and guarantee the profitability of electricity retailers. To address the problem that improper selection of
sample resolution during model training process based on artificial intelligence algorithms will seriously reduce the
forecasting accuracy, a method for optimizing the compression scale of historical electricity data series resolution is
proposed in this paper. First, the selection of data resolution compression scale is modeled as an optimization problem.
Then, the data-driven method is used to solve the optimization problem. Finally, Long Short-Term Memory (LSTM)
neural network algorithm is utilized to forecast the monthly electricity. As a result, a reasonable balance between data
resolution and electricity forecasting step is achieved. The historical electricity data from PJM are utilized to verify the
proposed method. The results show that the proposed method performs better than that without resolution compression
scale selection, and the LSTM neural network combined with the proposed method shows the best forecasting performance.
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Fig. 1 Monthly electricity consumption forecasting using

high-resolution historical data
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