%41 5% 24 FRIBRFFRARZFAFIR) 2024 4F 4
Vol.41 No.2 J Chongqing Technol & Business Univ( Nat Sci Ed) Apr. 2024

3T+ CNN-Transformer 8125 1~ Hu i 48 ek 46 1

% B Bk BT 3
FTRIFRF ALFRFR, TK 400067

O HW ERREAE R TERREN R BEAR B TR TAEARE T ERHEL, ATk
REAT R ER S TER I AT ERAYZ M % Fo Transformer #942 & F ¥ Aol IR B A& 7 ik, A A R
B AL AL 6 BB AT R4 1E B B AR AR 0 IR B3 B Ao B 2R B 2 38 e 09 B 42 B HATAR B, Jith AL B T d by
FAR P A0 EFIR T W& PRI 3 AN S A ROR S A K AR 69 4 RIS ARAE A AR A N A R B AR AN 2 W 44 5%
KO AEFR AL H A5 i B A5 AT 04 By 3R 45 48 A ) Transformer #9055 4L 22 48 71 37 3548 B 35 AR 04 B /5 45 40 4512 B
T8 AR 0 By B4 A Fo B P A AE VAT A AR Bk &, 1B 18 B AR A 2 By F ¥ AL B b A RO S HE, g5 AT RALA
MIT £ 45 48 #H 47 LI IS F+ 5 B fRAP B R & Fo K42 AT I8 10 AP 2 W & 347 3Tt 47 BT3B e o ix 093 7 A% 2
Ao B3 e iR 2R FAKE , A 0. 11 F2 0. 08, M ABATIR £ 4 0.61% , 4518 FF#% & 49 CNN-Transformer 42 FR & 1
TR R BB R IR A AR AR R B 09 AE13 8 AR A A AR B T b w385, BB A RAT a5 AR
Seplinl 42 B T b 4 ROR S B ARAY 2 M 45 Transformer

5285 TM912 SCHRBR ARG : A doi; 10. 16055/j. issn. 1672-058X. 2024. 0002. 009

State of Health Estimation of Lithium-ion Battery Based on CNN-Transformer
CHEN Guolin, YAO Xingyan
School of Artificial Intelligence, Chongqing Technology and Business University, Chongqing 400067, China

Abstract: Objective The state of health is a key parameter to evaluate the state of lithium-ion batteries, and it is of great
significance to the safe use of lithium-ion batteries. To obtain accurate and reliable health state estimation results, a health
state estimation method for lithium-ion batteries based on convolutional neural networks and Transformer was developed.
Using the data mining characteristics of different models, the deep information of health indicators and the time series
information that increases with the cycle period were extracted in parallel. Methods Three health indicators with a strong
correlation with health status were extracted from the partial voltage and temperature curves of the lithium-ion battery
during the discharge process as model inputs. The powerful feature extraction capability of the convolutional neural
network was used to mine the local features of health indicators, and the sequential processing capability of the
Transformer was used to mine the time series features of health indicators. The local and time-series features of health

indicators were fused with features, and the health status estimates were output by convolution and global average pooling
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layers. Results In this study, experimental validation was performed using the MIT dataset, a comparative analysis was

performed with convolutional neural network and long and short-term memory neural network, and the root mean square

error and mean absolute error of the proposed method were the lowest, which were 0. 11 and 0. 08, and the minimum

relative error was 0. 61%. Conclusion The experimental results show that the proposed CNN-Transformer health state

estimation uses different models to mine different feature information of health indicators, which can make full use of

lithium-ion battery discharge data and has a good estimation effect.
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Fig.3 Temperature curves of lithitm—ion batteries
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Table 2 Estimation errors of the proposed method

o Ik
RS MAE RMSE MaxRE
BO2 0.08 0. 11 0. 61
B03 0.43 0. 49 1.22
BO4 0.35 0.45 2. 66
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Table 3 Estimation errors after removing different components

Rt T

7k AEA
B02  BO3 B04
CNN” 0.18 0.56 0.40
MAE Transformer 0.09 0.43 0.42
CNN-Transformer 0.08 0.43 0.35
CNN~ 0.23 0.66 0.49
RMSE Transformer 0.13 0.56 0.60
CNN-Transformer 0.11 0.49 0.45
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CNN-Transformer 0.61 1.22 2.66
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Table 4 Estimation errors of comparative experiments

ik e ks
B02  BO3 B0O4
LSTM 0.08 0.54 0.46
MAE CNN 0.23 0.52 0.37
CNN-Transformer 0.08 0.43 0.35
LSTM 0.13 0.68 0.61
RMSE CNN 0.42 0.58 0.47
CNN-Transformer 0.11 0.49 0.45
LSTM .16 1.89 2.10
MaxRE CNN 2.06 1.06 1.71
CNN-Transformer 0.61 1.22 2.66
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SOH 2R . {H CNN-Transformer 454 T CNN )5
TREFAE IR Transformer 1B P R AE $EHL, I8 Ja 35
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Transformer 7E47 42 FE 16 b3 B30 T 2 5 B I BE 1 $ 1L
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