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Fig.1 Autocorrelation function diagram of load for a
certain residential consumer
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Fig.2 Multi-task consumer load forecasting model based
on convolutional neural network
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consumer based on different consumer load
forecasting methods
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Table 2 Forecasting results of different multi-task
consumer load forecasting methods
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Table 3 Forecasting error reduction statistics based on different multi-task methods
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Short-term Load Forecasting for Multi-task Consumers Based on Multi-dimensional Fusion Feature and

[22] ZANG H X, LIU L, SUN L, et al. Short-term global

Convolutional Neural Network

ZANG Haixiang, XU Ruiqi, LIU Jingruan, CHEN Yuwei, WEI Zhinong, SUN Guogiang
(College of Energy and Electrical Engineering, Hohai University, Nanjing 211100, China)

Abstract: Aiming at the problems of low operation efficiency and being unable to learn the correlation between related tasks caused
by the application of load forecasting method for single-task consumers in the scenario of load forecasting for massive users, a short-
term load forecasting method for multi-task consumers based on multi-dimensional fusion feature and convolutional neural network
is proposed. Firstly, the selection of relevant tasks in multi-task learning is realized based on clustering technology. Then, multi-
dimensional fusion input is constructed for each cluster of consumers to reasonably and orderly accommodate the features of
multiple tasks in order to avoid the dimensional explosion and the information chaos. Finally, a multi-task forecasting model with
convolutional neural network as the sharing layer is established for each cluster of consumers to learn the sharing feature, and the
load forecasting values of all consumers in the corresponding cluster are output in parallel. Case analysis on the basis of the
measured data of smart meters provided by the Energy Management Commission of Ireland, the results show that the proposed
method performs well in improving the overall operation efficiency and average forecasting accuracy.
This work is supported by National Natural Science Foundation of China (No. 52077062).
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