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Lithium-ion battery state of health estimation based on IViT
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Abstract: It is essential to accurately predict the state of health (SOH) of lithium-ion batteries. Aiming at challenges
such as differences in degradation mechanisms at different stages of a single battery cycle and incomplete data
acquisition in practical utilization scenarios, a lithium-ion battery SOH estimation method based on Involution-Vision
Transformer (IViT) is proposed. Features that can effectively characterize the degradation information of lithium-ion
batteries are automatically extracted from the voltage-time profile, weights are adaptively assigned at different positions
using the Involution module, and Vision Transformer is used to learn the high-level feature representations at different

stages and capture the global dependencies. The experimental results show that the prediction error of IVIT is around

0.5%, and the error is only around 2% when the overall data is missing 50 % , proving the effectiveness and stability of

the proposed method.
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Fig. 1 Capacity decay trajectory and feature extraction for the MIT dataset
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Fig. 2 Overall flow chart
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Fig. 3 Schematic diagram of Involution
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Table 1 Results of feature selection experiments %
R AIF 1 B MAE RMSE MAPE
t 0. 960 1.119 0.942
\% 1.514 2.018 1.513
V.t 0. 686 0. 951 0. 688
V,t(alD 0.934 2.162 0. 906
V., t(zero padding) 0.494 0.702 0.494

o« 67 o



5 AT & v F o

T B A

MF T LUE H, 5 RS RRAE S A E R H R 5
() 5 B A ) TG B R L X R Dy, 2 RREAE A
AT LA 224 9 B B ke r, b B R 785 1 i 20 %o B — i
ORI R Sl [ N E N W J R TN TR S
P v U ASE TR %) o P RIS R L TR O AR SR R 2 R AE
AlA B e AT A, BRIE 22 A0, 78 3R R 2 AR AR Al A
A BRI R FIBEAL T8 Jr 1% 1T LK SR A5 10 (1) 22 0
FNZ AL EE F7 . BEAS 16 B0 4 i 335 1o S B 1o 3 ¢ 9 [ e e —
AR T PO R A BEL A5 R K 1 BT R, MAE, RMSE,
MAPE 4+ %I TR 28. 0% ,26. 2% F128. 2%, b, 554
) FEL P R B )RR AT LS, A SC i ol P A9 1k A 9 20 B T
AT B R I 2 = T R0 R RS ¥, MAE, RMSE,
MAPE 435 TR 47. 1% ,67.5% 1 45. 5%, F5HEH A
SCHTBE P RRAE B IR I AE TR 1Y 3 A PEAL 48 AR IR

1B LS, R T TR T Ik B A Rk .
3.2 HBLIE

o T UEBT TR Y TVAT A5 T8O [R) A B A 1 i A Stk
T TIH R SE 8, Seue 45 Rk 2 FEl 7 i,

x2 HEXBLER
Table 2 Results of ablation experiments %
B MAE RMSE MAPE
Vision Transformer 1.020 1.176  1.007
CNN-+ Vision Transformer 0.578 0.877  0.575
Involution Block+ Transformer 0.874 1.268  0.875

Involution Block—+ Vision
0.494 0.702 0.494

Transformer

1.101
1.05
1.00
L]
®0.95
3 5
0.90r —Real Value —Real Value —Real Value N
— <IViT — <IViT — <IViT ;
085! ViT 0.90 ViT 0.90 ViT
: —  Invo+Transformer —  Invo+Transformer —  Invo+Transformer
ogol TTONNSVIT. T e ONNVIT T ] o ONNeVIT ‘ ,
70 100 200 300 400 500 600 “70 200 400 600 800 10001200 70 500 1000 1500 2000
A

(a) AT EIBCRS0OM B A B B 2R (b) A SO 0930 B A B T M2 (o) A=Av BB T 6381 H it 2% 2 Toill it 2%

(a) Battery capacity prediction curve for alife (b) Battery capacity prediction curve for a life
cycle number of 1 093

cycle number of 509

(c) Battery capacity prediction curve for a life
cycle number of 1 638

7 IHRSEE R SOH i T45

Fig. 7 SOH estimation results for ablation experiments
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Table 3 Comparison results with other methods %

DIRES MAE RMSE MAPE
LSTM-DP recognition-TL™ 0. 940 1. 130 —
DBN-LSTM" 1.180  1.080  0.990
SOH-window-XLSTM'""! 0.770  1.040 —
IViT 0.494  0.702  0.494
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Table 4 Sliding window test results %
7R/ MAE RMSE MAPE
1 0.494 0.702 0.494
B) 0.510 0.712 0. 507
10 1. 352 1. 465 1. 320
15 1. 868 2.415 1. 888
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Fig. 8 Sliding window experimental error
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Table 5 Experimental results of simulated missing data

%
R EH A MAE RMSE MAPE
10 1.016 1.202 1. 008
20 0. 846 1.198 0. 845
30 1.218 1.718 1. 238
10 1.774 2.114 1.724
50 2.004 1. 950 2.314
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