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[Abstract]

Lithium-ion batteries are used in various fields due to their advantages such as high energy density, high power density, and
long lifetime. However, lithium-ion batteries have safety issues and battery degradation problems due to frequent charging and
discharging. Accordingly, it is essential to predict the battery lifetime. Therefore, in this paper, we present a Long Short-Term
Memory (LSTM) model-based State of Health (SOH) prediction model for lithium-ion battery. The proposed model performs the
SOH prediction for lithium-ion batteries through four steps: Feature Selection, Data Extraction, Normalization, and LSTM
Prediction. To verify the superiority of the proposed model, we conducted the SOH prediction experiments and compared the
performance of the proposed model with that of the Recurrent Neural Network (RNN)-based model. The results showed that the
proposed model was 28.07% higher on average than the RNN-based model in terms of SOH prediction accuracy.
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Table 1. Lithium-ion Battery #5 Specification

Profile Item Specification
Constant Current 1.5A
Charge Profile Voltage Limit 4.2V
Cut—off Current 20mA
Constant Current 2A
Discharge Profile
Cut-off Voltage 2.7V
Initial Capacity 1.86Ah

Operating Condition

Temperature

Room Temperature

EOL

1.4Ah
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Table 3. SOH Prediction Accuracy of LSTM and RNN-based

Model for Various Size of Training Dataset

RNN
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80 Cycles | 100 Cycles | 120 Cycles | 140 Cycles
LSTM 0.1251 0.0752 0.0491 0.0270
RNN 0.1653 0.1334 0.0598 0.0367
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