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SOH estimation of lithium-ion batteries based on
physics-informed neural network

Xie Guomin Liu Ao

(Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Accurate estimation of the state of health (SOH) of lithium-ion batteries is crucial for optimizing battery design. However,
accurate SOH estimation remains challenging due to the complex degradation mechanism within the battery. Therefore, a SOH estimation
method based on charging voltage curve and physics-informed neural network ( PINN) is proposed. Firstly, Spearman correlation
analysis is used to extract battery aging characteristics from the constant current segment of the charging voltage curve and establish a
partial differential equation model for battery SOH degradation. Secondly, using a neural network with added physics-informed
constraints to approximate the implicit model. Then, the weighted average and convergence acceleration techniques of the weighted mean
of vectors (INFO) algorithm are utilized to optimize the PINN hyperparameters and improve the estimation accuracy of the method.
Finally, this method is used for SOH estimation on three publicly available datasets; MIT, CALCE, and NASA. The results show that
the average RMSE of the proposed method on the MIT test set with changes in charging strategy is 0. 271 6%. Compared with long short-
term memory network (LSTM) , convolutional neural network (CNN) and baseline neural network ( BNN) methods, the error is reduced
by 80.74% , 57.48% and 74.73% , respectively. The estimation accuracy on both the CALCE and NASA test sets is above 97%. This
proves that the method has high estimation accuracy and good robustness to changes in electrode materials and experimental conditions.
Keywords: PINN; Spearman correlation analysis; partial differential equation; weighted mean of vectors ( INFO ); physics-

informed constraints
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Table 1 Basic information of the dataset
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(a) Voltage curve using a one-step fast charging strategy
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(b) Voltage curve using a two-step fast charging strategy

BT ARG ER B HL it e ri e s gl 2

Fig. 1  Charging voltage curve of batteries with different cycles
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Fig.3  Structure diagram of physics-informed neural network
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Table 3 Evaluation indicators for estimation

results of different models

AL HbgS  MAPE/% RMSE MAE R?
M15 0.7174  0.0092 0.0065 0.9574
M16 0.697 1 0.0088 0.0064 0.9535
LSTM M17 1.8308 0.0190 0.0173 0.8158
M18 1.5557  0.0178 0.0145 0.8302
M19 1.2679 0.0133 0.0116 0.8897
M20 23918  0.0249 0.0226 0.7324
M15 0.4803  0.0052 0.0044 0.9862
M16 0.9269  0.0093  0.0087 0.948 7
M17 0.6442  0.0071 0.0061 0.9740
CNN M18 0.5449  0.0068 0.0050 0.9754
M19 0.6234  0.0070 0.0057 0.969 4
M20 0.6125 0.0074 0.0059 0.976 6
M15 0.6126  0.0072 0.0056 0.9739
M16 0.9228  0.0097 0.0086 0.943 6
BNN M17 1.1426  0.0129 0.0107 0.9146
MI18 0.7897  0.0094 0.0073 0.9528
M19 1.0658  0.0117 0.0097 0.914 4
M20 1.9146  0.0199 0.0180 0.8299
M15 0.1599  0.0019 0.0015 0.998 1
M16 0.3843  0.0049 0.0037 0.9856
M17 0.3630  0.0045 0.0035 0.989 5
PINN MI18 0.159 1 0.0019 0.0015 0.9980
M19 0.2844  0.0041 0.0027 0.9895
M20 0.2787 0.0042 0.0027 0.9925
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Fig.5 SOH estimation results of different models
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Fig.7 The SOH estimation results for CALCE batteries and NASA batteries. Illustration shows the distribution of errors
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Table 4 Evaluation indicators for SOH estimation

results of different battery datasets

CENE TR MAPE/% RMSE MAE R?
€S2-36 2.2459 0.011 8 0.008 8 0.997 1
€S2-37 1.807 7 0.010 7 0.008 1 0.996 5
(S2-38 2.1511 0.0222 0.012 4 0.9859

BS 1.480 8 0.014 2 0.011 6 0.977 7

B6 1.686 8 0.020 5 0.013 4 0.973 4

B7 1.032 7 0.011 6 0.008 5 0.979 1
5 &

EF XA LI SOH Al A MLBIAR A Jrikad T8 2% %
P 9K 3l Oy AR T R B E, AR SCHR B T — R T
INFO-PINN A8 (48 B 3t SOH 307 %, % 7 A
PRAN RS 26 X 24 23 0 7 £ P A LRSS A6 L 3t S fke B A
fIES SOH 56 R, 763 o F R 5508 T it B 48 4 b S 8

SOH s fli i1, Jrikw e r i SOH iR i 2 iy
PR o 7 FEARAY | SR J5 ST 3R ) B FRASAE , LA RLA T
a9k S 2 Ao Jr BE 36 JC 1Y PINN 222% )% SOH
BRI A B 5 G 2R IR INFO B3E 4L PINN [%14%
HBSEL, DA S A A T RS B L I o0 e S TR
PEEE MIT . CALCE F1 NASA b #Ef75086 /0 #r, S2ie 4%
FH BT T AN FE FEL SR AR 1 R b AT SR A A
PR A SRS B, T LG AN ] H A A L &2 4% T4 1) SOH
T 1) REATS SR A7 55 4 19 35 FH %, 76 CALCE £ 4 4 A
NASA % 4E I SOH I HE ) MAPE 4351l /NF 2. 3% Fil
1. 7%, BSRASCHr 7 B e Al o1 1 28 5 a2 SC I i b
SOH, HZ 53 19 N ZE AL - 35 P b4 R 2 | 2 2R A7 45
FRIRTCIETURN I SeWF o0 =5 1S A0 P fi it (9 - B Fi
T A 6 P A A 2 A 0 A L S P R R i S
QDR AR N

[ 1] AN, PSR, T J0 R /R S U8 1Y 50 77 H ol fg



513

(2]

[3]

[4]

[5]

[6]

(7]

[8]

PR T[T, FE A 7 I R, 2022, 41 (10) -
136-141.

ZHAO Y H, PENG Z Q. State of health estimation of
power batteries based on unscented Kalman filter [ J].
Technology, 2022,

Foreign Electronic Measurement

41(10) : 136-141.

BT R Ol BT AR S RO SR TR I S
Hidl SOH il 1t [J]. o 7 & 5 4 &% 2 4, 2024,
38(2) :148-159.

HE N, YANG Z Q, QIAN CH. SOH estimation of
lithium-ion battery based on non-parametric model and
particle filter[ J]. Journal of Electronic Measurement and
Instrumentation, 2024, 38(2) . 148-159.

X, 20, f [, 45 JE T TCN-BiGRU fY 8 B 1
LT AR RS IEAR [ 0] s IR, 2023,46(23)
68-76.

LIU SH Q, LI SH, MIAO J G, et al. Lithium-ion battery
state of health estimation based on TCN-BiGRU [ J ].
Electronic Measurement Technology, 2023, 46(23) . 68-76.
BAf, B, £R 5. T BP A M5 Heo JEIE
HORR L SoH-SoC BRA AR THIFFE[ J]. AXARALER 4R,
2024,45(6) :307-319.

QIAN W, WANG Y F, WANG CH,
estimation of SoH-SoC for lithium battery based on BP

et al. Joint

neural network and H infinity filter[ J]. Chinese Journal
of Scientific Instrument, 2024, 45(6) : 307-319.
T3, X LA R A T X K A T e A2 )
26 Il A SRR 0 B LT SOH AT )]. I R &L
1 811k,2024,48(4) : 160-168.

FANG S D, LIU L ZH, KONG L Q, 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.

ZHAO M F, GAO X D, CHENG M Y, et al. Estimation
of lithium-ion battery health state using MHATTCN
network with multi-health indicators inputs[ J]. Scientific
Reports,2024,14( 1) ;18391-18391.

X e, wOTE), XU, . T 0L Gl N YRR Uk
Ve AR T IR SR A A TH D], B TR
2024,39(2) :607-616.

LIUY Q, LEI W J, LIU Q, et al. Joint state estimation
of lithium-ion battery based on dual adaptive extended
particle filter[ J]. Transactions of China Electrotechnical
Society, 2024, 39(2) . 607-616.

g AT KM, 45 kT 22 i () ROBE A4 1 Bl e
ES IORIE 18 3 2 0 LA 0 B 8 7 o, vt g ROIR 2 Al
THLIT. fERERRE S HAR 2024 ,13(9) :3059-3071.

[9]

[10]

(11]

(12]

[13]

[14]

[15]

[16]

Y BE B2 4 4R LI SOH {31 =79 -
KE X, HONG H W, ZHENG P, et al. Estimating
lithum-ion battery health using automatic feature

extraction and channel attention mechanisms for multi-
timescale modeling [ J ]. Energy Storage Science and
Technology, 2024, 13(9) . 3059-3071.

CHEN S Q, ZHANG Q, WANG F, et al. An
electrochemical-thermal-aging effects coupled model for
lithium-ion batteries performance simulation and state of
health estimation [ J ].
2024,239.122128.
FHRER NG, 2RV R G5 SR T B A TR [ 8 N T
RIOR B URIE A HE B i SOC T[], iR 5
AR, 2024,13 (11) ; 4065-4077.

YINK Y, SUN L, LI H M, et al. SOC estimation of

lithium-ion batteries based on dynamic adaptive noise

Applied Thermal Engineering,

&

dT

unscented Kalman filter algorithm [ J]. Energy Storage
Science and Technology, 2024,13 (11) . 4065-4077.
ZHU G R, KONG C, WANG V J, et al. A fractional-
order electrochemical  lithium-ion  batteries  model
considering electrolyte polarization and aging mechanism
for state of health estimation [ J]. Journal of Energy
Storage,2023,72(PE) : 108649.

R B IR, WRar 05 BT AU U B I ML) 9 L Ttk
SOH A1 RUL B S fi A A2 AU [ 1] HL ) R S8 A 3
1£,2023,47(6) :168-177.

DAL J Y, XIA M CH, CHEN Q F. Encoding and
decoding model of state of health estimation and
remaining useful life prediction for batteries based on
dual-stage attention mechanism [ J ]. Automation of
Electric Power Systems, 2023, 47(6) ; 168-177.

Al W L, WU B, MARTINEZ-PANEDA E. A coupled
phase field formulation for modelling fatigue cracking in
lithium-ion battery electrode particles [ J ]. Journal of
Power Sources,2022,544; 231805.

YANG B W, WANG D F, ZHANG B, et al. Aging
diagnosis-oriented model  of

three-scale  impedance

lithium-ion  battery  inspired by and reflecting
morphological evolution[ J]. Journal of Energy Storage,
2023,59: 106357.

REPR, RIS, U B PS4 RS Al 0 Je 73
TNt SRR (1], i RO, 2024,50(3)
1182-1195.

XIONG Q, DI ZH G, JI SH CH. Review on health state
estimation and life prediction of lithium-ion batteries [ J ].
High Voltage Engineering, 2024, 50(3) . 1182-1195.
BRI , B SRR, AT 1A M, S, 4 I M 1 2 R 2 (9 4R B
AR A A TR [ /0L ). HL T HOR 4R, 1417,
CHEN Y, DUAN W X, HE Y G, et al. State of health



- 80 - B E S AR 540 &
estimation algorithm of lithium ion battery with denoising driven prediction of battery cycle life before capacity
autoencoder [ J/OL ].  Transactions of  China degradation[ J ]. Nature Energy,2019,4(5) :383-391.
Electrotechnical Society, 1-17. 1EEE N

[17] 20 BEE, #FA, % T HE Transformer 5 1Y BER, 1991 4FFiL 7 Tk KE35k1E

(18]

[19]

[20]

[21]

(22]

HLAL A BE [ B 1Y SOH A7k [J/0L]. i IR 4%
A, 1-10.

LI P, GE R ZH, DONG C, et al. Adaptive SOH
estimation method based on the transpose transformer
model for electrochemical energy storage [ J/OL]. High
Voltage Engineering, 1-10.

FAN G, LI J, SUN Z, et al. Battery capacity estimation
based on a co-learning framework with few-labeled and
noisy data [ J]. Journal of Power Sources, 2024,
600:234263.

MURATAHAN A, BALAJI C G, ABRAHAM A, et al.
Perspective: Combining physics and machine learning to
[T ]. of The
Electrochemical Society,2021,168(3) :030525.

RAISSI M, KARNIADAKIS E G. Hidden physics

models: Machine learning of nonlinear partial differential

predict  battery  lifetime Journal

equations[ J ]. Journal of Computational Physics, 2018,
357.125-141.

MAZIAR R, ALIREZA Y, EM G K. Hidden fluid
mechanics: Learning velocity and pressure fields from
flow visualizations [ J |. Science ( New York, N. Y.),
2020,367(6481) :1026-1030.

SEVERSON A K, ATTIA M P, JIN N, et al. Data-

b, 2003 4F T AL T TREEOR K 4K
AR5 07, 2012 4F T1L 7 TR AR K
AL AL, NI T TR AR R 2
B, FEWEFET5 0] A HL b A A B L &R
Gefw BAGI 5 H B2 8
E-mail; Ingdxgm@ 163. com

Xie Guomin received his B. Sc. degree from Liaoning
University of Technology in 1991, M. Sc. degree from Liaoning
Technical University in 2003, and Ph. D. degree from Liaoning
Technical University in 2012, respectively. Now he is a professor
in Liaoning Technical University. His main research interests
include battery heath management, power system information
detection and fault diagnosis.

X GEAFIER) ,2023 4 T 1L T L#
BRR G2 2, B IL T TAREHR
REBE A, BRI ST 1) Ay v Tt i

%;IEO
E-mail ; 15566702580@ 163. com
Liu Ao ( Corresponding author )

received his B. Sc. degree from Liaoning Technical University
in 2023. Now he is a M. Sc. candidate at Liaoning Technical
University. His main research interest includes battery heath

management.



