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Table 3 Comparison of identification results

among two-stage deep learning models
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Two-stage unit commitment decision-making method based on

auxiliary of improved Transformer neural network
WU Xinzhang',ZHAO Ziwei',DAI Wei',XIE Daiyu*,GUO Suhang',WANG Zeyu',ZHANG Dongdong'
(1. College of Electrical Engineering, Guangxi University , Nanning 530004, China;
2. Power Dispatching Control Center of Guangxi Power Grid Co.,Ltd.,Nanning 530023, China)
Abstract:In order to solve the “curse of dimensionality” problem of unit commitment in large-scale power
system, a two-stage unit commitment decision-making method based on Transformer neural network is pro-
posed, which considers both the solving accuracy and speed. In the first stage, considering the coupling
characteristic of unit commitment periods, a feature vector construction method based on multi-Attention
mechanism is proposed, further an improved Transformer neural network is proposed to predetermine the
unit start-stop values based on the advantages of global view and parallelization of Transformer neural
network. In the second stage,the credibility threshold is designed based on the predetermined unit states,
and the unit start-stop determination credibility is defined as start-stop credible and start-stop incredible
states, the state of start-stop credible unit is determined directly, while the state of start-stop incredible
state unit is solved by the unit commitment physical model to ensure the solving feasibility. The simulative
results of IEEE 30-bus and IEEE 2 383-bus systems verify the effectiveness of the proposed method.

Key words: Transformer neural network;deep learning;unit commitment;data driven;feature construction
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