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Abstract: The state-of-charge (SOC) prediction for lithium-ion batteries is an important part of a battery
management system, and accurately predicting their SOC is of significance for ensuring their safe operation. On this
basis, empirical mode decomposition (EMD), long short-term memory (LSTM) recurrent neural network and Attention
mechanism are used to build an SOC prediction model for a lithium-ion battery. The voltage, current, surface
temperature and the voltage decomposed by EMD in its charging and discharging processes are taken as the
characteristics of the model. The LSTM layer of the model can capture the battery time information from the historical
cycle data of the lithium-ion battery, and the long-term dependence relationship is also summarized. The Attention layer
of the model can capture the nonlinear and dynamic relationship between feature input and SOC output, so as to
optimize the weight relationship between each cycle stage and each feature and further improve the SOC prediction
accuracy. Experiments were carried out based on the public battery data set of University of Maryland, and results show
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that compared with that of a model which only uses LSTM,
the average prediction errors of the proposed model under
three different working conditions were reduced by 49.36%,
45.61% and 46.93%, respectively.
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ory (LSTM) neural network; Attention mechanism
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Fig. 1 Structure of EMD-L STM-Attention model
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Fig. 2 SOC prediction resultsand errorsunder DST
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} 1.556 9%, US06 T FAYHEAE RMSE 4 1.354 9%,  FUDS T.0%0 F A RMSE & 1.613 3%.
F®1 EIRAREBRETHRNRE
Tab. 1 Prediction errorsunder the same condition and different temperatures
IR DAL RMSE/% MAE/% R/%
DST(25 ‘C)+DST(40 ‘C) DST(0 C) 1.624 3 1.276 4 98.65
DST(0 ‘C)+DST(40 C) DST(25 C) 1.590 1 1.286 3 98.70
DST(0 ‘C)}+DST(25 C) DST(40 C) 1.556 9 12347 98.75
US06(25 C)+US06(40 C) US06(0 °C) 15529 12314 98.56
US06(0 C)+US06(40 C) US06(25 °C) 14389 1.160 2 98.65
US06(0 C)+US06(25 C) US06(40 C) 13549 1.075 8 98.78
FUDS(25 ‘C)+FUDS(40 C) FUDS(0 C) 1.720 8 1.208 8 98.59
FUDS(0 ‘C)+FUDS(40 C) FUDS(25 C) 1.6559 13267 98.73
FUDS(0 ‘C)+FUDS(25 C) FUDS(40 C) 1.613 3 1.548 9 98.85
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Fig. 5 SOC prediction results and errorsunder
DST condition
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Fig. 6 SOC prediction resultsand errorsunder
US06 condition
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MAE # 1.048 6% A lLA% S0 (1) Hi— LSTM 4,
AR ST RS ) TR BE TR R, ZEANE AL N A
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Tab. 2 Prediction errorsunder different working conditions and the same temperature

(%S M4 PR RMSE/% MAE/% RY/%
LSTM 2.306 4 22263 96.43
US06+FUDS DST
EMD-LSTM-Attention 1.406 5 1.127 4 98.52
LSTM 22376 1.9752 95.86
DST+FUDS US06
EMD-LSTM-Attention 1.346 7 1.074 4 98.62
LSTM 1.988 4 1.9758 96.97
DST+US06 FUDS
EMD-LSTM-Attention 1.368 5 1.048 6 98.65
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