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State of health estimation for lithium-ion batteries using recurrent

neural networks with gated recurrent unit

Zhang Shaoyu', Wu Chunhui’, Xiong Wenyuan'

(1. Center of Experimental Teaching, Guangdong University of Finance, Guangzhou 510091, China;

2. School of Internet Finance and Information Engineering, Guangdong University of Finance, Guangzhou 510091, China)

Abstract: As one of the key state parameters of the battery, state of health (SOH) represents the degrees of
battery degradation, which is very significant for predicting of battery failure and avoiding unsafe behavior of the
battery. The difficulty is to determine the appropriate and high correlation input, and design an appropriate
estimation algorithm. Through the study of existing battery aging datasets, it is found that the voltage data during
charging is relatively stable, which are regular changes with the aging of lithium-ion batteries. Therefore, the
voltage data in the charging process were used as the input for estimating SOH, and under the framework of data-
driving, an SOH method based on Recurrent Neural Networks with Gated Recurrent Unit (GRU-RNN) was
introduced, which could establish the mapping relations between the time series features of one-dimensional
voltage data and SOH. The experimental results on two public battery aging datasets show that the proposed
method achieves a mean absolute error of 1.25% and a maximum error of less than 5.62%, which is higher than
the existing SOH estimation methods in estimation accuracy.
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Tab.1 Comparison of the Li-ion battery degradation dataset

Name NASA-Randomized Battery Usage Data Set Oxford Battery Degradation Dataset
Manufacturer LG Chem Kokam
Form factor 18650 Pouch
Voltage 42V 42V
Capacity 2.1 Ah 0.74 Ah
Q range 2.1-0.80 Ah 0.74—0.43 Ah
Samples 842 519
Battery number 28 8

Cycling 7 groups each with different regime All cells cycled with same regime
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(a) NASA-Randomized Battery Usage Data Set
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(b) Oxford Battery Degradation Dataset

B 1A T R AR AR TP U R AL R B SOH A2tk

Fig.l Voltage curves of Li-ion battery degradation dataset with SOH
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Fig.2 Architecture of RNN unfolded in time
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Fig.4 Flow chart of Lithium-ion battery SOH estimation based on GRU-
RNN
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Fig.5 Examples of Li-ion battery SOH estimation for NASA-Randomized Battery Usage Data Set

20200339-6



s Gk A2

www.irla.cn

3R 2 NASA FEfl 2L HiREE Rt SOH fliitFAR
Tab.2 Performance evaluation results of SOH estimation for NASA-Randomized Battery Usage Data Set

SVR GPR GRU-RNN
Battery number
MAE MAX MAE MAX MAE MAX
#16 3.92% 9.64% 2.34% 9.13% 2.36% 4.79%
#20 2.53% 5.99% 1.12% 4.47% 2.63% 5.62%
#24 2.16% 17.18% 1.93% 7.03% 1.44% 2.39%
#28 2.46% 3.45% 1.76% 4.93% 0.74% 2.30%
Overall 2.76% 17.64% 2.17% 9.13% 1.40% 5.62%
100% 15%
95% [
& 10% f
= 90% [ 5
3 g0 | 3
o 2 5% t
80%
75% 00 LHaiid | 7 NIE MRt &Ll
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Cycle Cycle
(a) 4#
100% 10%
L 8% [
0, - o 5\
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Cycle Cycle
(b) 8#
Measure = = SVR result srmsannn GPR result  seswesns GRU-RNN result

K6 At hiib 2R SOH At & R i

Fig.6 Examples of Li-ion battery SOH estimation for Oxford Battery Degradation Database

R3 FERFREMENLEIEER SOH fEitER

Tab.3 Performance evaluation results of SOH estimation for Oxford Battery Degradation Dataset

SVR GPR GRU-RNN
Battery number
MAE MAX MAE MAX MAE MAX
4# 4.02% 11.35% 2.23% 3.43% 1.10% 1.87%
8# 4.83% 9.73% 2.76% 5.19% 1.32% 1.25%
Overall 4.51% 11.35% 2.49% 5.19% 1.25% 2.34%
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