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Abstract: Against the backdrop of the rapid development of new energy vehicles, large-scale
energy storage power stations and other fields, the accurate prediction of the state of health
(SOH) of lithium-ion batteries is of great significance for ensuring the safe and stable
operation of battery systems and extending their service life. Aiming at the difficulties in
directly acquiring the performance parameters of lithium-ion battery state of health, as well as
the limited SOH prediction accuracy of traditional time-series prediction models caused by low
single-variable prediction precision and fixed multi-variable weights, this paper proposes a
multi-feature fusion lithium-ion battery SOH prediction model based on the variable selection
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network (VSN) and gated recurrent unit (GRU). Health indicators (HIs) highly correlated with
SOH are extracted from battery charge-discharge cycle data to form a multivariate feature
sequence, which is then adaptively decomposed collaboratively via multivariate variational
mode decomposition to fully extract and preserve the coupled time-frequency features among
variables. For each decomposed multivariate subsequence, a VSN_GRU model with
hyperparameter optimization by the Tasmanian devil optimization algorithm is constructed to
realize dynamic perception, modeling and prediction of key HIs. Finally, the final SOH
prediction value is obtained by superposing and summing the prediction results of all
decomposed components. Experimental results on the NASA battery dataset and WZU
random battery degradation dataset demonstrate that compared with the comparison models
in ablation experiments, the proposed model can effectively improve the prediction accuracy
of lithium-ion battery SOH.

Keywords: lithium-ion battery; health state; multivariate variational mode decomposition;

variable selection network; gated recurrent unit
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Fig. 1 Battery Capacity Fade Curve of NASA
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(Dataset A)
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Table 1 Correlation Analysis of Extracted Indicators Tab.2 Correlation Analysis of Extracted Indicators
from the NASA Dataset from the Wenzhou Randomized Battery Data
ﬁzg% CVRR DVDR DCRR CTRR DTRR B SR AT AC AV
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Tab.3 Model Evaluation Metrics(Dataset A)
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Tab.4 Model Evaluation Metrics(Dataset B)

Wi B MSE/%  RMSE MAE R? it WO MSE% RMSE  MAE R?
M1 0.1455 00381 00314 0799 M1 02739 00523 00484  0.8833
M2 00777 00279 00219  0.8608 M2 02466 00496 00370  0.08949
M3 0.0992 00315 00225  0.8361 M3 02338 00483 00448  0.9004
s M 00363 00190 00165  0.9350 WaU g M4 01014 00318 00266 09568
M5 00205 00143 00120  0.9802 - M5 00790 00281 00260  0.9712
M6 0.0104 00102 00076  0.9899 M6  0.0467 00216 00167  0.9830
M7 0.0156 00125  0.0094  0.9849 M7 00464 00215 00197  0.9831
M8 0.0094  0.0097  0.0071  0.9909 M8  0.0151 0.0122  0.0098  0.9945
M1 01501 00387 00357  0.7608 M1 03344 00578 00536  0.7110
M2 00797 00282 00229  0.8690 M2 01610 00401 002992  0.8617
M3 0.0671 00259 00235  0.8931 M3 01354 00367 00265  0.8829
s M 0.0389 00197 00187  0.9360 Wou ase M4 00857 00256 00212 09434
M5 00202 00171 00140  0.9643 M5  0.1015 00318 00295  0.9128
M6 0.0189 00138 00107  0.9769 M6 00307 00175 00148  0.9736
M7 00263 00162 00133  0.9679 M7 00318 00178 00166 09727
VE! 0.0140 00119 00095  0.9828 M8  0.0090 0.0095 0.0083  0.9922
M1 01535 00392 00351  0.7606 M1 03968 00629 00448  0.9002
M2 0.0649 00255 00243  0.9019 M2 01447 00380 00246  0.9636
M3 0.0875 00296 00252  0.8636 M3 02501 00500 00351  0.9371
M4 0.0369 00192 00168  0.9466 M4 00776 00278 00227  0.9804
BO7 WZU_B18
M5 0.0211 00145 00118  0.9785 M5  0.1313 00362 00318  0.9687
M6 0.0105 00103 00082  0.9893 M6  0.0439 00209 00137  0.9895
M7 00185 00136 00112 09812 M7 00475 00218 00200  0.9886
M8 0.0099  0.0099  0.0079  0.9898 M8  0.0065 0.0080  0.0074  0.9984
M1 02522 00502 00491  0.7872
i 53R 3. K4 LEM0ME & Es Rl s, M2 0.1831 00428 00372  0.8534
ZIKITLEF H:'; E(J MVM D-TDO-VSN_GRU ;{ﬁﬂ@fﬂ Hj % M3 0.2207 0.0470 0.381 0.8138
M MRS . FAKTT S, 7ENASAKUIESE L, Bl wzu s4e m‘; g:;zj ggjzg ggzgj gzg;j
BOS Yy, ZHLAL(Y) MSE J90.0094%. RMSE )y M6 010379 0:0195 0:0147 0:9868
WZU_AO1 ¥l 5 b, XF 48 b 43 5l 2 MSE R M8  0.0097 0.0098  0.0086  0.9966
0.0151%. RMSE 5 0.0122. R*J30.9945. MAE Mi 03740 00612 00557 04724
y\j 00098, E WZU_B49 %&TE%J: , Xﬂ‘mjﬂé‘*ﬂ?ﬁ%u M2 0.2494 0.0450 0.0484 0.6039
5 MSE 3 0.0097%. RMSE 75 0.0098, R?% veoae aovm oo ae
M4 01020 00319 00313  0.8380
0.9966. MAE 40.0086. PEREXfLL&E T R, £ WAUBST o 1020 00321 00220 09238
BO5 % i S 1 TIMAT 55, AH AT T % SR A 22 1) M6 00448 00212 00139  0.9668
HF—GRU KM, KA MSE. RMSE J M7 00844 00291 00205  0.9375
M8  0.0218  0.0147 00120  0.9838
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Tab.5 Comparison of Optimization Results between

PSO and TDO
W 1 S
.- PR R
MSE/% RMSE  MAE R?
PSO-VSN_GRU 00514  0.0226 0.0201  0.9079
TDO-VSN_GRU 0.0363 0.0190 0.0164  0.9350
MVMD-PSO-VSN_GRU ~ 0.0438  0.0209  0.0155 0.9215
MVMD-TDO-VSN_GRU ~ 0.0094 ~ 0.0097 ~ 0.0071  0.9909
TDO-VSN_GRU ] MSE. RMSE. MAE #
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Fig.11 Figure comparing prediction results with

mainstream models
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Tab.6 Comparison with mainstream PR RS

model predictions 57! MSE/% RMSE MAE R?
LSTM 0.3678 0.0606 0.0520 0.6452
MVMD-LSTM 0.1707 0.0413 0.0351 0.8360
MVMD-TDO-LSTM 0.0524 0.0229 0.0210 0.9496
TCN 0.3258 0.0571 0.0414 0.6858
MVMD-TCN 0.1463 0.0382 0.0321 0.8595
MVMD-TDO-TCN 0.0593 0.0243 0.0229 0.9430
VSN_GRU 0.0777 0.0279 0.0219 0.8608
MVMD-VSN_GRU 0.0104 0.0102 0.0076 0.9899
MVMD-TDO-VSN_GRU 0.0094 0.0097 0.0071 0.9909
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