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Abstract

Smart grid metering system has a large amount of electric power data. It can improve electric
power efficiency and user experience by processing data reasonably and efficiently and making
full use of data to improve the business of metering system on the user side. The edge computing
model migrates all or part of the computing tasks of the application server from the cloud to the
edge device on the edge of the network, thus greatly improving data transmission efficiency, and
ensuring the real-time performance of data processing, while reducing the possibility of network
congestion. In this paper, a method of electricity forecasting based on edge computing under me-
tering system is proposed. This method is based on the excellent real-time performance of the
edge computing model, combined with the gradient boosting decision tree algorithm and the on-
line learning method in the machine learning field. It can efficiently and accurately perform
real-time training and electricity forecasting on massive power data.
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Figure 1. Edge computing model
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Figure 2. Electricity forecasting model based on edge computing
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Figure 3. GBDT and online learning training process
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Figure 4. One-time prediction effect
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Figure 7. Average absolute error of different forecast times
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