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Abstract: Aiming at the difficulty of obtaining large data sets and the slow training speed of lithi-
um battery state of charge estimation, a small sample lithium battery state of charge estimation
method is proposed by combining deep learning and transfer learning. A deep neural network is
constructed based on the convolution-long and short term memory network (CNN-LSTM). In
the source domain, K-fold cross-validation is used to divide the NASA data set, select the net-
work with the best SOC estimation performance, and then transfer learning is carried out to Pa-
nasonic small data with different temperatures and working conditions in the target domain. In
order to improve the overall performance, the influence of network hyperparameters on SOC esti-
mation results is discussed. Compared to non-few-shot transfer learning,the error of this method
is reduced by 47.29% under the same epoch.
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