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Abstract: To accurately predict the state-of-charge (SOC) of electric loader batteries, a prediction model com-
bining convolutional neural networks (CNN), bi-directional long short-term memory (BiLSTM) network and attention
mechanism was proposed. First, the Pearson correlation coefficient analysis method was used to filter the input features;
second, the spatial features were extracted by CNN; then the extracted feature sequences were input into the bi-directional
LSTM layer for time series modeling, in addition, the attention mechanism was fused to alocate weights, so as to enhance
the important features; finaly, the prediction results were output by the fully-connected layer. Experimental results show
that the prediction accuracy of the CNN-BiLSTM-Attention model reached 99.97%, and the prediction error was within
1.00%. Compared with models such as the CNN-LSTM-Attention model, this model had higher prediction accuracy and
smaller error, indicating certain superiority and reliability.

Keywords: Electric loader; battery state-of-charge (SOC); convolutional neural networks (CNN); bi-directional
long short-term memory (BiLSTM) networks; attention mechanism
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