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Table 1 Correlation coefficient between battery
life degradation characteristic parameters and
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Remaining useful life prediction of lithium-ion battery based on
CNN-Bi-LSTM network
LIANG Haifeng', YUAN Peng',GAO Yajing’
(1. Department of Electrical Engineering,North China Electric Power University, Baoding 071003, China;

2. Carbon Neutrality Research Institute of China Huaneng Group Co.,Ltd.,Beijing 100031, China)
Abstract: The RUL(Remaining Useful Life) prediction of the lithium-ion battery can evaluate the reliability
of the battery,reduce the risk of battery use and provide a theoretical basis for battery maintenance. Com-
bining the advantages of CNN (Convolutional Neural Network) and Bi-LSTM (Bi-directional Long Short-Term
Memory) network, the CNN-Bi-LSTM network model for lithium-ion battery RUL prediction is proposed,
which considers both multiple degradation characteristics and time sequence. The hyperparameters of CNN
are obtained by simulation, the highly correlated feature parameters are selected as the prediction input,
and the simulation experiment is carried out on the NASA lithium-ion battery aging data set. The experi-
mental results show that the CNN-Bi-LSTM network model can accurately predict the RUL of lithium-ion
batteries. Compared with other network models, it has the advantages of fewer network model parameters
and smaller memory usage,and has good performance in accuracy and convergence.

Key words: lithium-ion battery; convolutional neural network;bi-directional long short-term memory network;

remaining useful life prediction
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Self-adaptive integrated control strategy of battery energy storage system
considering SOC for primary frequency regulation
WANG Yufei, YANG Mingcheng,XUE Hua,ZHANG Yuhua,MI Yang
(College of Electrical Engineering,Shanghai University of Electrical Power,Shanghai 200090, China)

Abstract: Considering improving the adaptability of primary frequency response under the limitation of BESS
(Battery Energy Storage System) capacity,an integrated control strategy of BESS considering SOC (State Of
Charge) for primary frequency regulation is proposed. The dynamic model of BESS for primary frequency
regulation is established. The regulation characteristics of virtual inertia and virtual droop control on the
grid frequency deviation are compared and analyzed. A self-adaptive integrated control strategy of BESS
considering SOC for primary frequency regulation is designed,in which a self-adaptive factor of a dynamic
combination of input coefficient considering frequency deviation and its rate of change and feedback coeffi-
cient considering SOC is introduced. The input coefficients are adaptively adjusted by fuzzy logic controller
and the feedback coefficients are adaptively adjusted by regression function. Finally, the simulation model
is built to compare and analyze different control strategies under step and continuous load disturbance.
The simulative results show that the proposed control strategy can adaptively control the output of BESS
and effectively improve the primary frequency regulation effect.

Key words: battery energy storage system; primary frequency regulation; self-adaptive factor;integrated con-

trol strategy ;state of charge
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