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Abstract: The state-of-health (SOH) and remaining useful life (RUL) of batteries are important indicators for
measuring their performance and conditions, and an accurate prediction of these indicators has high practical value. The
electrochemical impedance spectroscopy (EIS) test of batteries can reveal the electrochemical reactions and processes
inside them, providing important information for evaluating their SOH. EIS can be used to predict SOH and RUL, but it
has high testing costs and limited data volume. The use of variational autoencoder (VAE) for data augmentation can
expand the volume of EIS data, which helps improve the model’s generalization capability and reduce the risk of
overfitting. Due to the fact that the EIS data is usually high-dimensional and may contain redundant information,
principal component analysis (PCA) can be used to reduce the dimensionality of data while retaining the key
information. Convolutional neural network (CNN) can recognize the spatial features in the EIS data, while bidirectional
long short-term memory (BiLSTM) network can capture features within the time series data. The Attention mechanism
can enhance the model’s understanding of data contextual relationships. The research results indicate that the model
combining PCA, CNN, BiLSTM network and Attention mechanism can more effectively predict the SOH and RUL of
batteries with the addition of augmented data. The proposed EIS data augmentation method can also be applied to other
models to improve the predictive performance.
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Tab. 1 Values of EISfrequency (Hz)
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9909.44  596.718 359313 2.16054  0.130 07
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Tab. 2 Sample of EISdata set for predicting SOH (part)

f1/Q fl_aug/Q 2/Q 2_aug/Q £120/Q £120_aug/Q SOH/(Ah)
0.384 70 0.374 499 77 0.391 56 0.380 515 87 0.32795 0.335 009 43 37.20
0.388 86 0.381 822 82 0.393 43 0.388 099 46 0.323 00 0.334 569 40 36.22

4.1.2 Fuml RUL &9 EIS R4 IEFe 3G i HIE R =
T VAE BB ALY EIS B i rigns
B G R ARR (R BRI AR IR 250 0.180 0, 1R2E
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I SOH #1 RUL RYBHHTIE BIS HdE A5 eAHR .
T RUL 1) EIS Bl 4E A AEBIGRAr) W 3.

%3 Tl RUL &Y EISEIRESREBIGHT)
Tab. 3 Sample of El Sdata set for predicting RUL (part)

f1/Q fl aug/Q 2/Q f2_aug/Q f120/Q f120_aug/Q RUL/K
0.384 70 0.379 538 77 0.391 56 0.384 051 44 0.327 95 0.332721 83 234
0.752 11 0.769 263 80 0.760 74 0.776 251 90 0.291 80 0.293 092 94 0

4.2 PCAREXEIS RS
42.1 PCA #BFn SOH 4 EIS £ R4

3% EIS Ji if BCE A s B 1 120 485 4L
PEiET PCA 158, 53] 10 DFERSr, HEHIL
# 4, Hoh, P1~P10 #/R EIS JRAAEEEN 10 4~
W47, P1_aug~P10_aug %7~ EIS 3R %3E 1Y 10 4>

x4 T SOH Kyt EIS RIAEIRFIIEIRETHE PCA
THELLE REEBICHY)
Tab. 4 Sample of original battery EIS data and PCA

calculation results of augmented data for predicting SOH

(part)

P1 P1 aug P2 P2 aug P10 P10 aug

-0.8257 0.5094 04979 -0.0156 0.0073
-0.766 7 0.5431 0.4800 -0.0741 0.0051

0.077 1
0.057 4

422 PCA #BFn RUL 49 EIS £ &%

XTTRIN L RUL 19 BIS Ji Gh 5 A s B
[ 120 4ERE53BIHEAT PCA, $REUE 10 Ty,
NI 5.

*®5 Wl RUL BRI EISEHE PCA T+ EZ REEHIIT)
Tab. 5 Sample of PCA calculation results of battery EIS
data for predicting RUL (part)

P1 P1 aug P2 P2 aug P10 P10 _aug
—0.9614 -0.7319 0.0635 —0.6045 0.0090 0.0025
—0.906 7 —-0.7322 0.0925 —0.6504 0.0034 0.0003

4 EIS MBS A s £ ) PCA Bl it
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Az A B BEALR AR ], BRE I R8s A &
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IR B UNZRIRER , 7E B SR A A
DR
4.3 Tl RET
431 FREVEABEAA 2R L

7 SOH i, Hiid 52 EIS i ATl 2%,
TRINAE A AR A I RIR 254 0.146 8 A'h,
M ARG SR A 2 )5, R A 34 7 AR R 22 ek 2y
0.123 8 A-h; 7£ RUL FillH, it B AL EIS 4%
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Tab. 6 Comparison of effect among models using different

data
" SOH T A3 RUL iy
P T MR 22/(Ah) TR ZER
EIS ¥ 0.146 8 33030
EIS %¥
+EIS H§3% 0.1238 2.901 9
AGIT

432 FmEAS BT

1 SOH [WilliREHEEE b, FH4{EN 30.577 3 Ah,
PrifEZE R 4.066 1 A-h; FEFUNEHEE S, FIMEH
30.599 8 A-h, Fri#fE2EH 4.0132 A-h, XFF RUL 1Y
MR B, PN 1478286 WK, bpdi2e N
103.062 1 3 ; ZEFUMEARAE T, SF341H K 147.822 4
W, PRUEZER 102.230 4 K, XSG EE R,
T A5 A 5 S B AR A Y A R A o 2 S b A A
T, 2 R A A3 AR ARG, AR () 0 4L
REAF

PG WLER 7, ORI A 11 FE 12 R
MFE 7. K 11 FIE 12 iTRAAE H, SOH 1 RUL 1Y
T2 580N, TINACR RAT .

RT7 FHEGIGRT)
Tab. 7 Sample of prediction results (part)

S el 1 REB2 REGI3 REGI4
BHAL
SOH HL3AH/ 29.16 24.75 27.31 28.09
(A-h)
bl
SOH Ftil{ri/ 29.35 25.02 27.35 28.21
(A-h)
SOH T
. -0.19 -0.27 -0.04 -0.12
RZZ/(Ah)
RUL E.5Z{H/
n 30 204 136 258
w
RUL Fiimi{a/
" 32 206 134 261
K
RUL T 5 5 3
PREENR

ARG AEAI2 AEI3 FEAIA FEGIS FEAIO AEA]7 KR8 FEIO #4510
B 11 E8ith SOH T 45 RiH|
Fig. 11 Sample of battery SOH prediction results
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Fig. 12 Sample of battery RUL prediction results

5 45iE

AR VAE RN EIS odls gt ritom, i
JH PCA BRI BIS Bl iy E2HHERS Iy, e
{E CNN-BiLSTM-Attention #&5 F %} b T4 Fi R4k
EIS FIfiNA EIS #4585 2 J5 19 SOH il RUL Fitil]
BOR . GEIREM, TN EIS BRBE 2, HRIRL
AW RIRT o A SCHE Y BIS B s Jrik ] LA
e 2 A A TR A R A

SE Wk

MARFERSMGTH]. HIFAEHR, 2025, 23(5): 241-250.
Cheng Yan, Zheng Linhong, Liu Jiang. Estimation of
state-of-health of lithium-ion batteries based on modal
decomposition and time series [J]. Journal of Power
Supply, 2025, 23(5): 241-250. (in Chinese)

(2] kUM%, & ARE, KRB, S LT EE I PLE
CNN-LSTM il 5 AR R Y SOC T[T, W4T,
2024, 22(5): 269-277.

Zhang Shuaitao, Jiang Pinqun, Song Shuxiang, et al. SOC
prediction for lithium battery based on fusion model of

Attention mechanism and CNN-LSTM [J]. Journal of



558 1

W, % BT VAE AU EIS ZOE 58 48 i it SOH A1 RUL i 301

Power Supply, 2024,22(5):269-277. (in Chinese)

TGl TR, ®0, 45 BT B RC Sk B
SR-DUKF Sk # LIt SOC fHFAFFE[I]. AL IE~AHR,
2024, 22(4): 236-242.

Jia Xianyi, Wang Shunli, Cao Wen, et al. Research on
estimation of lithium battery SOC based on second-order
RC equivalent circuit and SR-DUKF algorithm [J]. Journal
of Power Supply, 2024, 22(4): 236-242. (in Chinese)

B, THPE, SKOEIk, AE. BETRIGHE T TR o
25 100 255 114 P o Yl 2L A RS U (0], bR 5 TR,
2023, 23(12): 5102-5109.

He Wei, Ma Hongyan, Zhang Yingda, et al. State of
charge prediction of the lithium-ion battery pack based on
improved gated recurrent unit [J]. Science Technology
and Engineering, 2023, 23(12): 5102-5109. (in Chinese)
TRTE, BRSO, e, S5 el i i F4
FRTERE]. FL IR, 2014, 12(6): 4-9, 30.

Xu Dehong, Chen Wenjie, He Guofeng, et al. New power
electronics topics brought by the development of
renewable energy [J]. Journal of Power Supply, 2014,
12(6): 4-9, 30. (in Chinese)

HOKTK, SC%, shils, A BT i A MR AR TR

ML R HERAS T[], BRAHAR S TR, 2019,
19(36): 184-189.
Zheng Yongfei, Wen Huaixing, Han Fang, et al.

Prediction of state of health based on particle swarm
neural network with battery external characteristics [J].
Science Technology and Engineering, 2019, 19(36):

184-189. (in Chinese)

FIfEr, Wiete, 5T BP-ZME ¥ UKF b5k
1 SOC ftiit[J]. HLiE2A4R, 2025, 23(3): 363-372.

Bai Junqi, Xian Yanhua. State-of-charge estimation based
on BP-multi-timescale UKF optimization algorithm [J].
Journal of Power Supply, 2025, 23(3): 363-372. (in Chinese)
JAHESR, TIHEAR, #)G . %?Eﬂlﬂ%ﬁﬂi%?}?&@]%ﬁi
e it i A BT I R 0], BhA R S TR, 2022,
22(22): 9679-9685.

Zhou Yafu, Wan Weidong, Dong Qichao. Electroche-
mistry impedance spectrum measurement of fuel cell
based on improved multisine excitation [J]. Science Tech-
nology and Engineering, 2022, 22(22): 9679-9685. (in
Chinese)

Zhang Yunwei,

Tang Qiaochu, Zhang Yao, et al.

Identifying degradation patterns of lithium ion batteries
from impedance spectroscopy using machine learning [J].
Nature Communications, 2020, 11: 1706.

[10] BKHIHY, L8R, B, 55 ZET EIS MM

it SOH PRER A1 [I]. iRl 540R, 2022, 11(2):
673-678.
Geng Mengmeng, Fan Maosong, Yang Kai, et al. Fast
estimation method for state-of-health of retired batteries
based on electrochemical impedance spectroscopy and
neural network [J]. Energy Storage Science and Techno-
logy, 2022, 11(2): 673-678. (in Chinese)

(1] XUFREE, i, HAKH, 45 ETIRAEEL LSTM i1

HRH SOH 54 A W [J]. Sk RERL = 5 HOR,
2021, 10(2): 689-694.
Liu Weixia, Tian Xun, Xiao Jiayong, et al. Estimation of
SOH and remaining life of lithium batteries based on a
combination model and long short-term memory [J].
Energy Storage Science and Technology, 2021, 10(2):
689-694. (in Chinese)

[12] Vivier V, Orazem M E. Impedance analysis of electro-
chemical systems [J]. Chemical Reviews, 2022, 122(12):
11131-11168.

[13] AR QT BE IR A BRA R). —FhRE T 2R8I 20 & i fil
HE M EIS il SOH 77 #: CN117054888A[P].
2023-11-14.

[14] Zhang Y. ML-identify-battery-degradation [EB/OL]. (2020-
01-20)[2024-01-10]. https:/github.com/YunweiZhang/ML-
identify-battery-degradation.

EH BN

WH(1976— ), B, WEEE, i
+, EYCTRRIE, ST BREIR
W . B-mail: weichang008@hotmail.
come

G H0984— ), B, #it, T
AR, BFFE 7 - HUtE R %, EIS .SOH
flitt. E-mail: 18221123045@163.com.

WL 1991— ), B, Wi+, T
RN, WEFETTI): AEAR S REIR TRE, Al
Bk, BERE ., E-mail:
163.com,

gk 3C(1990— ), FB, Fit, T
TG, WHFEJTI) . ARRE S REIR TR, BT
REVRAA L. B-mail: sjw_1007@163.com,

TG L)

pandz_sjtu@



