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Joint estimation of SOH and RUL for electric vehicle power batteries considering noise effects

SUN Liming, YU Tao
(School of Electric Power Engineering, South China University of Technology, Guangzhou 510641, China)

Abstract: Monitoring and estimating the state of electric vehicle power batteries are of great significance for ensuring
their safe and stable operation. To address the challenges in estimating the battery state of health (SOH) and remaining
useful life (RUL), specifically the difficulty in extracting health-related features and the strong sensitivity of models to
noise, a highly robust estimation model based on ICEEMDAN-DO-GRU is proposed, fully accounting for the impact of
data noise on model performance. First, the ICEEMDAN decomposition method is used to perform signal decomposition
on NASA’s publicly available battery dataset to extract health features for model estimation. Second, the dandelion
optimizer (DO) is used to optimize the number of hidden layer neurons and the initial learning rate of the gated recurrent
unit (GRU), thereby improving its performance. Finally, the effectiveness of the proposed model under different noise
conditions is studied, and the DO-GRU results are comprehensively compared with four other typical neural networks.
The experimental results prove that the proposed ICEEMDAN-DO-GRU model achieves high accuracy and strong
robustness in both SOH and RUL estimation.
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Fig. 11 SOH estimation results under noise condition
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Table 3 SOH estimation MAE results with five models under

different operation conditions
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Table 4 Five methods of SOH estimation MAE results

under different operation condition

HHmRE A eSS
BP 0.1340
ELM 0.0953
CALCE
- RBF 0.2860
SRR ER

CNN-LSTM 0.2657
DO-GRU 0.0150
BP 0.1506
ELM 0.0153

SNR 4 20 dB [t
A % K RBF 0.1335

g 745

CNN-LSTM 0.2697
DO-GRU 0.0079
BP 0.1449
ELM 0.0555

SNR 4 30 dB [t
A % K RBF 0.0562

N 745

CNN-LSTM 0.2630
DO-GRU 0.0145

() EOL BE 73 A 70%- 65%. T5%F1 70%, 4
FLIth SOH /N1 EOL B KT, BRI At kAL

K 18 RRAINGEELH A 60%HEHEN T,
B0005. B0006. B0007 1 CS2-38 7£ 5 Fi il N 45
F|#) RUL fhith&5 R, WEH A LUE H DO-GRU 13
B THE S B SHE BN EER

19 ‘ . , ‘ .

18 \"‘-«.M 141 N
\\]\ 1401\ NN
L7 M~ s2h8d8 (B0005)| Sy T391
= —BP \ 120 122 124 126 128
% L6H—ELM 1
B —RBr M\ \
% 1.5H—CONN-LST™M | _— J
b — DO-GRU I N
1.4
13F - 1
1'2 1 1 1 1
0 20 40 60 80 100 120 140 160 180
TR EL
(a)
2.1 ; : — —

132 ~— SLFR KL E(B0006)
20p ! —~ e ]
1.9¢ ~) L |—Em

—RBF
1.8 |~ CNN-LSTM
= - \—|— DO-GRU
I8

20 40 60 80 100 120 140 160 180
(GENVE
()



2 R 7R R [ FEL 3R 2R B /7 H it SOH Al RUL A 11 - 59 -

FhSLEH, 4
1.9 T T T T
w"nl\\ ~ SCRREIE(B000T)
1.8 oy 1 —BP L
: N \ —ELM
1.505 T —RBF
1.7*1500_ A\ N T +—— CNN-LSTM H
g 1;95 < — DO-GRU
g 161~ M~ i
{(4: s 124 126 128 <
14] ROL”> %
13 1 1 1
0 20 40 60 80 100 120 140 160 180
TEIRIEL
(©)
1.2
1.0
N
08 e M
= — 2R EE(CS2-38) L
< 0.6 |—BP RUL A
I —ELM w
S —RBF
0.4 |— CNN-LSTM 0760
— DO-GRU 0755
0.2 i 0.750
a1\
0 | | 750 755 760 765
0 200 400 600 800 1000 1200
TEAUEL
(d)

&l 18 $EERAY RUL f&IH45R

Fig. 18 RUL estimation results for lithium batteries
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training dataset

wigk mm eoL s o0 NP
B HOE b
BP 27 4
ELM 30 7
B0005 RBF 124 101 23 25 2
CNN-LSTM — —
DO-GRU 22 1
BP 40 2
ELM 40 2
B0006 RBF 139 101 38 39 1
CNN-LSTM — —
DO-GRU 38 0
BP 27 2
ELM 33 8
B0007 RBF 126 101 25 25 0
CNN-LSTM — —
DO-GRU 25 0
BP 128 1
ELM 125 4
CS2-38 RBF 758 629 129 128 1
CNN-LSTM — —
DO-GRU 129 0
1.9 T ” \JI‘ —
1.8 N\J\ 1 QJ/\K&\ ]
1.7+ \/\ ‘ (7| B - \\» |
55 1.6 \\V\ h\ \ 115 A 1D0 lzt\\
18 ~ SFRHH(B000S) “\“JM / -
K150 - g}le i M
14mZ EEHF\I-LSTM g UM
| 3| LDO-GRU b o
|
'20720 40 60 80 100 120 140 160 180
TR IREL
(a)
2.1 T T T T T
2.0F 1327 N T
18} N \;\ MU
2 17k I | 140 142 144 146 148 |
5 L I
% 15

1.5 H— bR (B0006) Y, \
—BP ™ \
L4AH _EiMm : } :
1.311—RBF :
- CNN-LSTM S

1.2+ 7DO‘-GRU - RUL ;
ll Il 1 1 1 1

0 20 40 60 80 100 120 140 160 180
TEIIREL

(b)

&{




- 60 - B 2GR 54

1.90 —
1.85| NG

1.80 ] \
175k
170k

I R
1.65F ﬁ\
& 1.60H_ tpr | N | |
1.55 H— CNN-LSTM ! v
— DO-GRU Y
1.50 === == — ﬁ\ e 4
——>
RUL )

S

H/Ah

1.45

] 40 1 1 i 1 1 1 1
0 20 40 60 80 100 120 140 160 180
PEAIREL
(©)
1.4
— BRI (CS2-38)

LaL|—BP

“[—ELM

M— RBF
1.0L— CNN-LSTM
DO-GRU__ oo ML

760 780 800[ 820 840
i |

200 400 600 800 1000 1200
TR
(d
19 $2HjthAY RUL {4345 R
Fig. 19 RUL estimation results for lithium batteries
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Table 6 RUL results estimated by five methods
with 50% training dataset
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Table 7 SOH error results compared with that of

models in references [27-28]

et 4 it €yas
SCHR[27] 0.0027
B0005 SCHR[28] 0.0028
DO-GRU 0.0017
SCHR[27] 0.0074
B0006 SCHR[28] 0.0044
DO-GRU 0.0012
SCHR[27] 0.0038
B0007 SCHR[28] 0.0030
DO-GRU 0.0018

& 8 53CHR29-30 4R BUXTEEHY RUL IRELER
Table 8 RUL error results compared with that of

models in references [29-30]

bEE S A €
SCHR[29] 6
B0005 SCHR[30] 4
DO-GRU 1
SCHR[29] 3
B0006 HR[30] 2
DO-GRU 0
SCHR[29] 7
B0007 SCHR[30] 1
DO-GRU 0
4 LEip

A T —F3ET ICEEMDAN-DO-GRU [1)
FEALIE SOH A RUL Al tHBL AL A ST BT s R .

1) #FH ICEEMDAN X} it £ ¥5 3E 1745 5 70 il
3T 55 b B AR CH R 1@ FERHE, %
TTVEA AR T R R B R 24

2) FIF DO EiEX GRU 4% i B 2 4t
B H FWIaGS: o) A T, AR S TR R
THERE

3) HLEANE] SNR MRS S50 Tk 145 5
W, ST T HCAR AR S S R, BIALXT T SOH
AT RUL il F 0946 2t A Az e 1



L], S5

2 R 7R R [ FEL 3R 2R B /7 H it SOH Al RUL A 11

- 61 -

4) B AT TR AR B oAt 4 R ARSI AE NASA

A CALCE PiFhEa s N HEAT X . SR 4

KW, ARG TR R, AR EIK MAE

B/MATTIE 0.0012; FEME LM R AR IR REW HER ML

SELRT SOH #1 RUL HIflitt, H MAE f/ME Ik

0.0014.,

AU 1247 AL B HIlEAT 7 SOH

A RUL flTHIRAIE, 7E4 J& BB FE A 250 £ Fhis

(ERVAYYSEZN: - L LR DR R X Rl

S 30k

(17 S, sk, =288, & AT se7Es) J dibd

R A TAG b BT T LRIR (7). HLBCTRE 244, 2024,
60(4): 391-408.
DAI Guohong, ZHANG Daohan, PENG Simin, et al.
Overview of artificial intelligence in health prediction of
power battery[J]. Journal of Mechanical Engineering, 2024,
60(4): 391-408.

[2] RENJ, MA J, WANG H, et al. A comprehensive review
on research methods for lithium-ion battery of state of
health estimation and end of life prediction: methods,
properties, and prospects[J]. Protection and Control of
Modern Power Systems, 2025, 10(3): 146-165.

(3] Zs5, AHUK, TR, & #E 7 mib@FeRSn

HOTERE R IR 5 R, B RG Ak, 2024,
48(20): 109-129.
LI Zhuohao, SHI Qionglin, WANG Kangli, et al. Research
status and prospects of state of health estimation methods
for lithium-ion batteries[J]. Automation of Electric Power
Systems, 2024, 48(20): 109-129.

[4] YANG Bo, QIAN Yucun, LI Qiang, et al. Critical summary
and perspectives on state-of-health of lithium-ion battery[J].
Renewable and Sustainable Energy Reviews, 2024, 190.

(5] RAUF H, KHALID M, ARSHAD N. Machine learning
in state of health and remaining useful life estimation:
theoretical and technological development in battery
degradation modelling[J]. Renewable and Sustainable
Energy Reviews, 2022, 156.

[6] YANG Bo, WANG Junting, CAO Pulin, et al. Classification,
summarization and perspectives on state-of-charge
estimation of lithium-ion batteries used in electric
vehicles: a critical comprehensive survey[J]. Journal of
Energy Storage, 2021, 39.

[7] YU Xiaofang, MA Zhuang, WEN Jialin. Joint estimation
of SOH and RUL for lithium batteries based on variable
frequency and model integration[J]. International Journal
of Electrochemical Science, 2024, 19.

(8] Ml BREA. HE T RMBERRSMT AN, B
B R 2224 (E AR R AR, 2024, 49(3): 147-165.
YANG Bo, QIAN Yucun. A review on the state-of-health

[9]

[10]

(11]

[12]

[13]

[14]

[15]

estimation for lithium-ion batteries[J]. Journal of Kunming
University of Science and Technology (Natural Science),
2024, 49(3): 147-165.

REE, WSV, XLHE, 5. LT GA-SA-BP #i4 K
26 B A A BOIR S AR ST IALT]. B R G R 5 1%
], 2024, 52(19): 74-84.

WU Qingfeng, YANG Yitao, LIU Liqun, et al. Lithium
battery state of health estimation method based on a
GA-SA-BP neural network[J]. Power System Protection
and Control, 2024, 52(19): 74-84.

R, KRR, RMHEWL, 5. ETRENBREES
GWO-BILSTM R[4 Hi it SOH Tt I7iA[T]. HiK
HiR, 2024, 48(11): 2184-2194.

WU Tiezhou, ZHU Junchao, CHENG Xiongfan, et al.
SOH estimation method of lithium-ion batteries based on
charging stage data and GWO-BiLSTM model[J]. Power
Technology, 2024, 48(11): 2184-2194.

BT, HAEZE, RN, % ST S ERRERRL A A
7 SOH #1 RUL T[], HJRHIAR, 2023, 47(2): 193-198.
LIAO Li, XIAO Tingyi, WU Tiezhou, et al. SOH and
RUL prediction for lithium batteries based on fusion of
multiple health features[J]. Chinese Journal of Power
Sources, 2023, 47(2): 193-198.

G, B, B0k, % i MR RRHMEE B2
RS T R BOIRS SRR AR ar WA 7L (0], DR
iR 5, 2023, 51(22): 74-87.

YUE Jiahui, XIA Xiangyang, LU Chonggeng, et al.
Research on the prediction of state of health and remaining
useful life of lithium-ion batteries considering the amount
of health factors information[J]. Power System Protection
and Control, 2023, 51(22): 74-87.

sAS, )P, MM, 55, JET ISSA-GPR [IHEE TH
Mg BERAS AL TH[J/OL). B 1-13[2025-05-11].
http://kns.cnki.net/kems/detail/12.1420.TM.20231219.

1345.010.html

ZHANG Mengdi, LIU Yang, CHEN lJian, et al. Estimation
of health state of lithium-ion battery based on ISSA-
GPR[J/OL]. Journal of Power Supply: 1-13[2025-05-11].
http:/kns.cnki.net/kems/detail/12.1420.TM.20231219.1345.

010.html

WL, WU, kA B R AN R A A
TSR T[], B RGRY 54, 2023, 51(1):
122-130.

JIN Dianwei, GU Zeyu, ZHANG Zhihong. Lithium battery
health degree and residual life prediction algorithm[J].
Power System Protection and Control, 2023, 51(1): 122-130.
LI, IR, BOER, & ETHEN ELM W E T
Hivh 78 AL L FUAE R (¥ SOC A SOH Bk A i3],
HRGURY 54, 2023, 51(11): 86-95.

MAO Ling, WEN lJialin, ZHAO Jinbin, et al. Joint
estimation of SOC and SOH at lithium-ion battery charging



-62 -

W) R GRP bk

[16]

[17]

[18]

[19]

[20]

(21]

[22]

[23]

cut-off voltage based on an ensemble extreme learning
machine[J]. Power System Protection and Control, 2023,
51(11): 86-95.

M, W50, GG, & ETRESMIKE RBF-
ARX Y 8 1 R e R A A TR )], R R
HLTRE2AIR, 2025, 45(2): 638-650.

XIA Xiangyang, YUE Jiahui, ZENG Xiaoyong, et al. The
remaining capacity estimation of battery based on state-
dependent RBF-ARX model[J]. Proceedings of the CSEE,
2025, 45(2): 638-650.

TRERL, EEHE, TV, & BT LK CNN-LSTM
M SOH i BI[)]. HUREIAR, 2023, 47(10):
1303-1307.

ZHANG Huiying, WANG Junhua, DING Ting, et al.
Multi-indicator based CNN-LSTM li-ion battery SOH
estimation model[J]. Chinese Journal of Power Sources,
2023, 47(10): 1303-1307.

Ty, ) fe s, FLE, 5. BT A L2 M
255 A HeAg R AR AR A AR FEB SOH Al [J]. I RS H
Bk, 2024, 48(4): 160-168.

FANG Sidun, LIU Longzhen, KONG Laiqiang, et al. State-
of-health estimation for lithium-ion batteries incorporating
indirect health indicators based on bi-directional long
short-term memory networks[J]. Automation of Electric
Power Systems, 2024, 48(4): 160-168.

LIU Yunpeng, HOU Bo, AHMED M, et al. A hybrid deep
learning approach for remaining useful life prediction of
lithium-ion batteries based on discharging fragments[J].
Applied Energy, 2024, 358.

FRz, MW, EHR, % 5T ICEEMDAN-
IPSO-ELM (¥R I A S TR B A& T 5 ¥R 0], =
A, 2023, 49(9): 3898-3909.

LI Changyun, YANG lJingyu, LIAN Hongsong, et al.
Combined prediction method of dissolved gas concentration
of silicone oil based on ICEEMDAN-IPSO-ELM[J]. High
Voltage Engineering, 2023, 49(9): 3898-3909.

R, MO, SOl A ISR A IR IX R
IR THEHLRSEN L, 2024, 33(8): 240-249.
LI Weiming, YANG Jinghui. Limited buffer flow workshop
scheduling based on improved dandelion optimization
algorithm[J]. Computer Systems & Applications, 2024,
33(8): 240-249.

B, M, S, & ETRREESSR-KE
RILBE BT A S0 80E Elman WIZ% (1421 & T
FIERORZAS Ml THI]. BMIEIR, 2024, 48(9): 3695-3704.
QIAN Yucun, YANG Bo, ZHENG Ruyi, et al. State-of-
health estimation of lithium-ion batteries based on EMD-
DO-Elman and GRA[J]. Power System Technology, 2024,
48(9): 3695-3704.

ZHR, FIZE, HHF, % 3T KAlnformer fH,
IR L5 ) Bt SOC&SOH i 5 [J/OL]. M THARZAR:

[24]

[25]

[26]

[27]

[28]

[29]

[30]

1-17[2025-03-17]. https://doi.org/10.19595/j.cnki.1000-
6753.tces.241502

PENG Ziran, WANG Shunhao, XIAO Shenping, et al.
State of charge and state of health estimation of electric
vehicle power battery based on KAInformer model[J/OL].
Transactions of China Electrotechnical Society: 1-17[2025-
03-17]. https://doi.org/10.19595/j.cnki.1000-6753.tces.
241502

AW, BRI, ERRE, & STIRM CSO LT
R GRU BERY 8 i 3 X A Dh 2 (], 4%
K, 2021, 45(12): 4692-4700.

MENG Anbo, CHEN Shun, WANG Chenen, et al.
Ultra-short-term wind power prediction based on chaotic
CSO optimized temporal attention GRU model[J]. Power
System Technology, 2021, 45(12): 4692-4700.

CHAE S, BAE S, OH K. State-of-health estimation and
remaining useful life prediction of lithium-ion batteries
using DNCNN-CNN[J]. Journal of Energy Storage, 2025,
106.

ZHANG Chaolong, ZHAO Shaishai, HE Yigang. An
integrated method of the future capacity and RUL
prediction for lithium-ion battery pack[J]. IEEE Transactions
on Vehicular Technology, 2021, 71(3): 2601-2613.

HE Ye, BAI Wenyuan, WANG Lulu, et al. SOH
estimation for lithium-ion batteries: an improved GPR
optimization method based on the developed feature
extraction[J]. Journal of Energy Storage, 2024, 83.

CHEN Liping, XIE Sigiang, LOPES ANTONIO M, et al.
A new SOH estimation method for lithium-ion batteries
based on model-data-fusion[J]. Energy, 2024, 286.

HU Xiaosong, YANG Xin, FENG Fei, et al. A particle
filter and long short-term memory fusion technique for
lithium-ion battery remaining useful life prediction[J].
Journal of Dynamic Systems, Measurement, and Control,
2021, 143(6).

CATELANI M, CIANI L, FANTACCI R,
Remaining useful life estimation for prognostics of

et al

lithium-ion batteries based on recurrent neural network[J].
IEEE Transactions on Instrumentation and Measurement,
2021, 70: 1-11.

FSHEA: 2025-01-24;

&EIHEA: 2025-05-15

EEEN:

IR (1977—), B, HEHRAL, HRFEAEHE

%, ThH#SRGLRIEHNAGAEEE, WhFi%E 5T
A2 69 % 46 AT;  E-mail: sunlm@139.com

&

#01974—), F, @A, HE, i, A

SR, BRRFT QA AL R R Rk ALK
HE % 5] . E-mail: taoyul @scut.edu.cn

(R4 oL %)



