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Lithium-ion battery life prediction based on hybrid scale health
factors with LSTM-Transformer model

Zhao Yupo' Huang Wei' Zhang Jianfei®
(1. School of Automation Engineering, Shanghai University of Electric Power,Shanghai 200090, China;
2. Huaneng Yuhuan Power Plant, Taizhou 317699, China)

Abstract: To enhance lithium-ion battery remaining useful life (RUL) prediction accuracy, we propose an integrated
model using hybrid scale health factors. We address challenges of noisy data, limited quantity, and incomplete capture
of nonlinear characteristics. Firstly, we use singular value decomposition (SVD) to process capacitance signals,
optimizing variational mode decomposition (VMD) for denoising and reconstructing the direct health factor, SR. We
introduce an amplitude-phase perturbation (APP) data augmentation method to generate artificially labeled data, ESR,

based on changes in SR data distribution. Combined with three indirect health factors. selected using GRA algorithm,
we establish a comprehensive mixed-scale life characteristic information. Additionally, we improve Transformer model’
s decoder structure with LSTM and optimize key hyperparameters using Optuna framework. Experimental results on
NASA data show RMSE within 2. 39% and MAE within 1. 59% , with improved stability and narrower 95% confidence
intervals compared to RNN, LSTM, Transformer, and existing models.
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Table 1 Distance between the capacity curves of the

test battery and other batteries

15 T FL Tt HL b LS i
B06 2.571 8
B05 B07 0. 830 1
B18 3.659 6
B05 2.5718
Bo6 B07 1.928 9
B18 2.668 6
B05 0.830 1
B07 B06 1.928 9
B18 3.2109
B05 3.659 6
B18 B06 2.668 6
B07 3.2109
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Table 2 Central frequencies and correlation coefficients of

each modal component for B05
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Fig. 2 VMD decomposition process

MR B3R SVD-VMD 553 X & 24 5 1 i v 25 9647 43
fif AL L 15 ) B B2 {8 BE N T SR5.SR6.,SR7,SR18, I X &
1154 BRGSO KRBT, Ik 3 fis. wf
FIRFTA SRR R BRI T 0. 99, R EW G 94
R T IR IR S S 1 ERRE .

R3 EHEBRETHHEXREH

Table 3 Correlation coefficients of direct health indicators

EER IR Pearson Spearman
SR5 0.999 6 0.999 2
SR6 0.998 7 0.998 4
SR7 0.997 5 0.998 7
SR18 0.998 5 0.996 8

RS fE IMF1 IMF2 IMF3 IMF4
PR 2.15X10°  0.0682  0.1745  0.359 2
Pearson 0.997 8 0.106 2 0.0523 0.0331
Spearman 0.993 3 0.141 1 0.048 4 —0.000 4
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Table 4 Correlation coefficients between enhanced ESR

components and battery capacities

AL b Pearson Spearman
ESR5 0.976 2 0.987 8
ESR6 0.995 9 0.995 4
ESR7 0.993 2 0.994 5
ESR18 0.979 2 0.982 4

2) F Tt T 42 4 B TR A9 AR AIE 2 B
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Table 5 Correlation coefficients using the GRA method

¥ FRAE B0005  B0006  B0018  B0007

RBBES 0.6795 0.7229 0.5925 0.9716
] 3¢ F

B RE S 0.7212 0.948 6 0.6226 0.787 3
1] G 3R

3 AR 0.627 0 0.6292 0.6244 0.8133
5 I [E] 26 &

4 iR 0.967 7 0.928 6 0.6218 0.769 1
CLIEESA

5 el 0.7218 0.797 0 0.6234 0.974 8
L5 i ] 56 3

6 LR 0.9928 0.9908 0.987 7 0.993 6
PSS

by 0.986 5 0.9930 0.987 4 0.982 1
R ] 3¢ 3R

BUs BT 0.988 6 0.9920 0.980 3 0.997 2
L5 H] 56 3

m%ﬁﬁ%ﬁOﬁHBOﬁ%806%4OJﬂ4
5 I [E] 26 &

KafRn 0.9928 0.9908 0.987 7 0.9885
55 i A] 36
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Fig.5 The impact of hyperparameters on loss values
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