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ABSTRACT

In this paper, we propose a deep learning model that utilizes charge/discharge data from initial lithium-ion batteries
to predict the remaining useful life of lithium—ion batteries. We build the DMP using the PNP model. To demonstrate
the performance of DMP, we organize DML using the LSTM model and compare the remaining useful life prediction
performance of lithium-ion batteries between DMP and DML. We utilize the RMSE and RMSPE error measurement
methods to evaluate the performance of DMP and DML models using test data. The results reveal that the RMSE
difference between DMP and DML is 144.62 [Cycle], and the RMSPE difference is 3.37 [%]. These results indicate that
the DMP model has a lower error rate than DML. Based on the results of our analysis, we have showcased the
superior performance of DMP over DML. This demonstrates that in the field of lithium-ion batteries, the PNP model
outperforms the LSTM model.
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Table 1. Hyper-parameters of DMP and DML

Hyper parameter DMP DML

Number of

3 3
Hidden layer

Number of node in

one hidden layer 0 0
Epochs 2,000 2,000
Optimizer function Adam Adam
Error function MSE MSE
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Table 2. Errors of DMP and DML

Error
. Data DMP DML
function
RMSE Train 34.91 8.58
(Cycle) Test 144.62 160.21
RMSPE Train 5.00 1.19
(%) Test 18.17 21.54
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