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Integrated energy multivariate load forecasting combining federated
learning with LSTM in privacy-protected and low-data environments

CHEN Zhipeng', ZHANG Yong', GAO Hairong’, SUN Xiaoyan', HU Hejuan'

(1. School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116, China; 2. Depart-
ment of Traffic Engineering, Shandong Transport Vocational College, Weifang 261206, China)

Abstract: For an integrated energy system with insufficient energy consumption data, a high-precision multivariate load
forecasting model can be established using data from similar systems. However, due to the limitations of data security
and other factors, many systems are unwilling to share data. Federated learning provides an important idea to deal with
the problem of multivariate energy load forecast based on a small amount of data under privacy protection. However, the
existing methods still exhibit deficiencies, such as low accuracy in identifying similar parties. In this view, a few-data
multitask learning based on shared dot product confidentiality under federated learning (MT-SDP-FL) is proposed, com-
bining federated learning and long short-term memory (LSTM). A similar party identification method using a shared
vector dot product confidentiality protocol is proposed to select the most similar parties from many available integrated
energy systems. Then, the parameter sharing federated learning algorithm is used to jointly train the selected parti-
cipants, combining the LSTM and fine-tuning technology to establish the multivariate load prediction model for each
participant. The proposed method is applied to several energy systems, and the experimental outcomes show that the
proposed method can achieve high-precision multi-source load forecasting results in the circumstance of sparse data.

Keywords: multivariate load forecasting; integrated energy system; federated learning; privacy preserving; neural net-

work; few data; time series data prediction; dot product protocol
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Table 4 Multivariate load prediction results obtained by MT-SDP-FL and MT-E-LSTM algorithms for School 1 with a

small amount of data
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Fig. 4 Electrical load prediction curve obtained by MT-SDP-FL and MT-E-LSTM
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Table 5 Prediction results of the comparison algorithm and MT-SDP-FL
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