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Estimation of State-of-charge in Energy Storage Plant Based
Multi-scale CNN and Residual LSTM Networ k
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Abstract: With the widespread applications of energy storage plants in new power systems, improving the
prediction accuracy of lithium-ion battery state-of-charge (SOC) is of significance for enhancing the safety and stability
of energy storage plants and power systems. A battery SOC prediction method is proposed, which combines a
multi-scale convolutional neural network (CNN) and a residual long short-term memory (LSTM) network. First, the
multi-scale CNN is employed to automatically extract different types of features from the sensor data. Then, the features
are fed into an LSTM network to mine the correlation in the time dimension. Meanwhile, residual connections are
added at both ends of the LSTM network to avoid model overfitting. The comparative experiments on the measured
data of the energy storage system show that the proposed model achieves the best prediction results in terms of al the
indicators. In particular, the key features can be extracted better when the battery is under complex operating conditions,
resulting in a better prediction performance.

Keywords: Lithium battery; state-of-charge (SOC); multi-scale convolutional network; long and short-term
memory (LSTM) network; residual connectivity; deep learning
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