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Battery State of Health Estimation using Deep Learning
Based on Short-term Battery Voltage Characteristic
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Fig. 1 Structure of long short-term memory model
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Table 1 Battery data charge/discharge test conditions

Battery No.

Battery Specification 7500255006 [ B0007 | B0018

Discharge Current (A) 2.0 2.0 2.0 2.0

Discharge Cut-off
2. 2. 2.2 2.
Voltage (V) ! 0 °

Fresh Capacity (Ah) 1857 | 2035 | 1.891 | 185

Final Capacity (Ah) 1325 | 1186 | 1433 | 1.341
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Fig. 2 NASA dataset battery aging graph
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Fig. 3 Deep learning model training algorithm
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Table 2 Hyper-parameters of deep learning model
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Table 3 Estimation error of State of Health by voltage range

Hyperparameters Selection Options o AR
Number of neurons (LSTM_1) 150 A F7k MAE (%) | MSE (%)
Number of neurons (LSTM_2) 100 3.0 - 39[V] (4 +7h) 152 0.06
Number of hidden layers 2 3.0 - 3.1[V] 9.50 1.15
Optimization algorithm Adam 31 - 3.2[V] 2.29 0.10
Batch size 5 3.2 - 3.3[V] 3.80 0.25
Loss Function Mean Square Error 3.3 - 34lV] 10.97 1.36
Activation ReLU 34 - 35[V] 12.68 1.68
35 - 36[V] 12.42 1.63
36 - 3.7V] 5.88 0.74
16 3.7 - 38[V] 7.94 0.79
90 3.8 - 39[V] 7.48 0.70
s 80 |
z 70 kAl @ik, ©@YIzE wiEE Ay 54 dol’HE ANt
% 60 |[— 303V — 34-35v 3.8~3.9v omgk Mg w8 dE F4o| JledS ASshAh
1| — 3.1-32V —— 3.5~3.6V == 30~3.9V
50 || — 3.2-3.3v 3.6~3.7V == True
40 — 3.3~34V — 3.7~3.8V 4 g%
0 20 40 60 80 100 120
Cycle
(a) B =rdAE ©r1zke g dolEE &89 viEe =
st dH F4 IHS Atstdoh vig e e @)zt A )
S 40 ol 7|te g UAAY ARE FET & LSTM 2% EEdS
5 At wst AElE A A WHE HEsHs
5 30 ul, [A o]g dolEl7} gluigte 54 e Fxte wiEg d
2 20 olHRte R w3 AH 4 Jhsdith 4 ALEE vHusg)
Z 9w, MAE 9% 229 ~ 1268%2 Ueht, MSE Wels=
g 10 0.10 ~ 1.68%= LERstTH
= 0 & F5 Ajbd WHS A8t tpget e w3t AH
0 20 40 60 80 100 120 FA = 9717w A 54 71 g =3 34
Gl W Adade AT Aol s HA| ool e} 7}
. Saesish 28 54 ZAAE Adehs BEe AFse §
OB 4 M 77 el 2ol st me| 3Y vl & ATE 4D Aot

Fig. 4 Comparison of aging estimation of deep learning
models based on voltage intervals
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