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Lithium battery life prediction model for electric vehicles based on

hybrid deep learning
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2.Yantai Haiyi Software Co., Ltd., Yantai Shandong 264000, China)

Abstract: In response to the current issue of low prediction performance in the remaining service life
of electric vehicle lithium batteries, a hybrid deep learning model for predicting the remaining service life
of electric vehicle lithium batteries is proposed. The model employs Empirical Mode Decomposition(EMD)
to decompose battery data, forming high—frequency and low—frequency components of the bhattery capacity
sequence. It utilizes Multilayer Long Short-Term Memory(MLSTM) and Elman neural networks to learn
high—frequency and low—frequency battery capacity characteristics, extracting high—level representations
of battery capacity. It combines high—frequency and low—frequency prediction results through stacking
rules to achieve high—precision prediction of the battery's remaining service life. Experimental results
show that the loss generated by the proposed hybrid deep learning detection model in the training set is
approximately 7.87%. Compared with Support Vector Machine(SVM), Logistic Regression(LR), Recurrent
Neural Network(RNN), and LSTM models, the proposed hybrid deep learning model demonstrates superior
comprehensive performance indicators, with an Mean Absolute Percentage Error(MAPE) of only 1.438%.
The experiments validate the effectiveness and practicality of the proposed model.
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Table2 Statistics of comprehensive indicators for different models

model index raw data EMD decomposition
MAPE/% 4.850 4.520
SVM MAE/(A+h) 0.045 0.042
RMSE/(A+h) 0.988 0.915
MAPE/% 5.660 5.630
LR MAE/(A+h) 0.056 0.053
RMSE/(A+h) 1.163 1.148
MAPE/% 4.150 3.470
RNN MAE/(A+h) 0.037 0.033
RMSE/(A-h) 1.281 1.118
MAPE/% 2.990 1.615
LSTM MAE/(A+h) 0.030 0.014
RMSE/(A-h) 0.974 0.202
MAPE/% 2.490 1.438
proposed model MAE/(A+h) 0.020 0.012
RMSE/(A-h) 0.339 0.101
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