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ABSTRACT

Lithium-ion batteries are the heart of energy-storing devices and electric vehicles. Owing to their superior
qualities, such as high capacity and energy efficiency, they have become quite popular, resulting in an
increased demand for failure/damage prevention and useable life maximization. To prevent failure in
Lithium-ion batteries, improve their reliability, and ensure productivity, prognosticative measures such as
condition monitoring through sensors, condition assessment for failure detection, and remaining useful life
prediction through data-driven prognostics and health management approaches have become important topics
for research. In this study, the residual useful life of Lithium-ion batteries was predicted using two efficient
artificial recurrent neural networks—long short-term memory (LSTM) and gated recurrent unit (GRU). The
proposed approaches were compared for prognostics accuracy and cost-efficiency. It was determined that
LSTM showed slightly higher accuracy, whereas GRUs have a computational advantage.

Key Words : Deep Learning(El2{Y), Lithium-ion Battery(HiE{2|), Remaining Useful Life(ZH0] Fa5H),
Prognostics and Health Management( I &0 X| & 7474 2t2[), Machine Learning(7|H| &%), Big
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Fig. 2 Charge and discharge of battery
Table 1 Test conditions of battery
Batte Constant Charge Discharge | Discharge
NOI"Y Charge Cut-off Current Cut-off
| Current(A) | Voltage(V) (A) Voltage(V)
B0005 1.5 42 2.0 2.7
B0006 1.5 42 2.0 2.5
B0007 1.5 42 2.0 22
B0018 1.5 42 2.0 2.5

WA ¥4 Fig 29 2t RS A 2L
Table 19 YERA ule} o] e H¢te] 4.2vel
=2 u7b4] 1.5A904 HAF (CCiconstant current)
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o2 A% FHPa, BHe WEz #H=
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Fig. 4 Discharge capacity curve of batteries
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Fig. 5 Relation between charge cycles and SoH
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Fig. 9 Discharge prediction using LSTM
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Fig. 10 Discharge prediction using GRU

Table 2 Comparison by parameters

175

Method | Epoch| Batch S;I&Eﬁg% RMSE| R® | ERorof
LSTM | 150 20 2ms 0.022 | 0.933 | 2.42%
GRU | 150 20 Ims 0.022 | 0.930 | 4.84%
LSTM | 150 40 2ms 0.019 | 0.951 | 0.81%
GRU | 150 40 Ims 0.022 | 0.932 | 1.62%
LSTM | 200 40 2ms 0.019 | 0.950 | 4.84%
GRU | 200 40 Ims 0.022 | 0.931 | 2.42%
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