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Remaining useful life prediction for lithium-ion batteries based on an improved
GWO-SVR algorithm
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ABSTRACT Lithium-ion batteries have been applied in civil aircraft such as the B787 with excellent performance. As the service time
of lithium-ion batteries increases, their performance continues to decline. Therefore, accurately predicting the remaining useful life of
lithium-ion batteries is helpful for timely maintenance or replacement, which is important for flight safety. This study extracts features
from charge and discharge data of lithium-ion batteries with incremental capacity analysis to predict the remaining useful life of lithium-
ion batteries. To this end, this study calculates the degree of correlation between the features and battery capacity based on grey
correlation analysis, and then accordingly filters the features. Finally, a prediction method for the remaining useful life of lithium-ion
batteries is proposed based on improved grey wolf optimization (IGWO) and support vector regression (SVR). The IGWO algorithm is
proposed to solve the issue wherein grey wolf optimization (GWO) is prone to stagnation at local optima. As a research hotspot in the
field of optimization algorithms in recent years, GWO has excellent optimization performance. However, it faces the problem of falling

into local optimization and premature convergence in practical applications. To solve this problem, this study proposes IGWO to

%5 H #A: 2023-05-31
BEL£WH: BE ARR =54 RS S 4 5 S % B H (U2233205, U2133203)


mailto:allenge@nuaa.edu.cn
mailto:allenge@nuaa.edu.cn
https://doi.org/10.13374/j.issn2095-9389.2023.05.31.002
https://doi.org/10.13374/j.issn2095-9389.2023.05.31.002
https://doi.org/10.13374/j.issn2095-9389.2023.05.31.002
http://cje.ustb.edu.cn

& MY ST GWO-SVR F3k 9 21 H sth 78 4% 75 i FU 0 -515-

optimize and rewrite the position update equation and add memory and flight functions to each individual in the wolf pack so as to
enhance the global search ability of the algorithm and improve its convergence speed. Furthermore, IGWO uses skew tent mapping to
generate chaotic sequences to optimize the initial distribution of the grey wolf pack in the optimization space. Thus, it achieves a more
uniform initial distribution effect than the traditional random generation method. This paper conducts an optimization comparison
experiment based on commonly used benchmark functions to compare the optimization ability of GWO before and after improvement.
The results show that the IGWO algorithm effectively avoids the stagnation at a local optimal value that the GWO algorithm will fall
into, with faster convergence speed and better optimization than GWO for almost all functions. In several of these test functions, the
optimization accuracy of IGWO is dozens of times higher than that of GWO. The remaining useful life prediction abilities of IGWO-
SVR, GWO-SVR, and SVR are compared based on the NASA lithium-ion battery dataset. The results show that the model trained with
IGWO-SVR achieves higher prediction accuracy on the data among all four batteries, and the root mean square error of the prediction
results is reduced by more than 10% compared with GWO-SVR.

KEY WORDS lithium-ion battery; remaining useful life prediction; incremental capacity curve analysis; improved grey wolf

optimization; support vector regression
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Fig.1 Comparison of population distribution generated by the random method and tent mapping
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Table 1 Results of benchmark problems
Number of . ) GWO IGWO
functions Dimension
Best Worst Mean St.dev Best Worst Mean St.dev
F1 30 1.89x107% 8.184x10™% 6.11x107% 1.83x107% 0 7.75x107% 7.75x107%7 0
F2 30 8.45%1077 9.64x1072 7.52x107! 2.21x107* 3.83x107""  1.03x107'%  3.08x107'"?  9.24x107'"?
F3 30 2.21x107% 5.21x107"2 4.94x107" 1.48x107" 0 3.19x1072%° 3.19x1072% 0
F4 30 1.33x107 5.76x107%* 3.44x107% 1.05x107% 6.06x107'" 1.1x107! 1.19x107"° 3.59x107"!
Fs 30 2.85x10" 2.88x10' 2.89x10' 1.07x10™ 4.09x10™* 2.34x107? 7.94x1072 2.41x107?
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Fig.3 Convergence curves of the proposed IGWO and GWO for F4-F11
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Fig.4 1C curves under different cycle times after filtering
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Table 2 Grey correlation degree between various features and battery capacity

Grey correlation degree

r]?jrtrtl;re}; CCcharge  Total charge Charge CC discharge Starting voltage of Peak area of IC Average IC at the
time time cycles time IC curve curve end of the curve
B0005 0.956 0.808 0.878 0.993 0.666 0911 0.839
B0006 0.923 0.765 0.877 0.988 0.681 0.884 0.761
B0007 0.975 0.845 0.906 0.981 0.714 0.832 0.563
B0018 0.849 0.668 0.827 0.983 0.692 0.702 0.605
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Fig.5 RUL predictions of lithium-ion batteries based on three algorithms (80 cycles)
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Fig.6 RUL predictions of lithium-ion batteries based on three algorithms (60 cycles)
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Table 3 RUL predictions of lithium-ion batteries under different prediction starting points

Predicton s . SVR GWO-SVR IGWO-SVR
point RUL-P Er RUL-P Er RUL-P Er
B000S 35 45 10 36 1 36 1
%0 B0006 2 29 5 25 4 25 4
cycles B0007 78 — - - — 80 2
B0018 9 19 10 4 5 9 0
B0005 55 79 24 58 3 58 3
6 B0006 44 63 17 49 5 47 3
cycles B0007 98 — — 84 14 95 3
B0018 29 44 15 24 5 29 0
F 4 KRR R
Table 4 Capacity prediction error of different algorithms
prediction SVR GWO-SVR IGWO-SVR
. Battery
point RMSE/% MAPE/% RMSE/% MAPE/% RMSE/% MAPE/%
B000S 234 1.59 0.47 0.28 0.39 0.16
%0 B0006 3.73 2.61 121 0.73 0.91 0.53
cycles B0007 2.73 1.78 1.4 0.86 0.54 0.34
B0018 2.67 176 1.13 0.64 0.63 0.33
B0005 5.62 3.81 170 0.93 1.16 0.68
6 B0006 731 521 3.69 232 3.15 2.04
cycles B0007 4.15 2.67 1.88 1.02 1.08 0.45
B0018 476 3.23 1.08 0.57 0.87 0.52
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