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Figure 1 (Color online) Schematic diagram of electrochemical model P2D. L, battery thickness along x axis; L;, battery thickness in different areas
along the x axis; Cj, electrode solid phase concentration; C,, electrolyte liquid phase concentration; n(r), negative particle radius; p(r), positive particle

radius
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Figure 2 (Color online) Machine learning process frameworks
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BE, SFILaXTR 22 80.46%. 5L ERT, HERIVE 7D
22 Rz im0 i JE TR H 0 (Center for Advanced
Life Cycle Engineering, CALCE)HINR18650-20R il
AR T BBE AR, BRI RIRE S TARIR 226G, 58

JL T RSO Rl B PR,

T Bn i ash i Bt b R A4 -

Shui AU HL I 128 0 e /N — e S5 1) LS
PRRFE, i B A AR B R AR A 2L, SR TE
KRG BE T I o P R A B, AN]SR AL AR ]
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Figure 3 (Color online) Cell structure of long short time neural network. C,_;, cellular state output from the upper cellular unit; C,, cellular state output
from the current cellular unit; /4,_,, upper state output from the upper cellular unit; 4,, output from the current cellular unit; x;, memory output from the

upper cellular unit; f, forget gate; i, input gate; O, output gate; o, Sigmoid activation function; tanh, hyperbolic tangent activation function; E‘t,
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Figure 4 (Color online) Internal ageing decay mechanisms of lithium-ion batteries
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GPR)AYTR AT FH T RULA TN, #5500 Ak Py
Bih, B SEANASATICALCERTE S o vt Bcdfs o 2
Jir s F 2 RS, LUK L A3 M S IMF AR 22,
B RS i Al TR 43 1] R GPRAILS TMAR 12 58 A
KIE S A5 S T, JIZARI3545 T RMSE N
0.0032MfTHAEEE. S5 4h, S 43 iXS I T GPRY
LSTM /7 #: A3 TEMDAYLSTM 5 GPRAE Y, 56:1E 1 F
TR f [ 3 A R, R AR £ BT L)
KI, WREDEFEREIBS ML F S E
1, TSI 4 e R IR S5 ], 2 IS R v o o
Witk PSOJE—Fhib ik, Wl kAR B R f. X
I, ZELSTMAYFERE I, i FHPSOFR B HALE S HL, 4

BRI, FREIAGEZ L. 5 R HHPSORY
LSTMYIZRBERIA L, SR 22405 T 61.5%Y. AR TFLIEE
B TPl FCNNSE B MR A SO ), e
TR AT CNN-LSTM 7 ¥ F T RUL BT, 115
TENASARLAEAE T 928 T IRIR2ERS B, SEia o X
FLLSTMJ7 ¥ 50 E T CNN-LSTM A ZLEC. ie4h,
Zraibi% N7 T CNN-LSTM-DNNEGR AL, 5
3 55 CNNSR IS [AVERAE, LSTMER I [J451E; B,
FFLSTMEA tH A A DNNA I ZRAEA ST BIRUL A Tl

4 LRAELER

ARSCINER A% GeAsi i 5 5040 9K sl A AL 2 2T s 78
EBMSHSOC. SOHMIRULMYBFGE R, il LidkiL
GURBILE RS SN AR TE, RIS
PRi%, BIEEfh oA R B AR RE S AL L 2 B T L Tt A S
ik B SRS e B A i, (SR IR G 53 ) R 19 AR
FE, AT BRI T A A AR A SR TR A
IO FH. AR R AR B AR TR B, TR B 2 5
fift, ARG TR BE SN I A2 B Rl B BRI A TR

FE TR IR Bl AL A 2% 2T AR B AS AR FRL 3l PR S
I ATLFR, 3 A S 2 R S ke S e e il ) ) A R
YRR 2 0 TR MRS S A TS . BIRL
F IR —Fh AR A Gl = Y3 AT g B HLAL T4
AR RER TG, AT 2R RS S
BGOSR 9K S0 14 - btk
BAGTHFR B, AR TAERLZM LT JLA 71
T,

(1) ehetk S s FE R, BRERALAS F T AR,
RE E PR R A e R RS SR T, AR R
JER B IERS S EN TP A RCAr T RE, Rk
Xof 32 4K TR S o 25 O 245 (1) AL R AR SR TR B TR AT [
AP AR N TR BERIVRH R A9 e E, Transformerfe
AN AT A AR5 T A BRTUHSIRAS 108 5 0 il i,
FFEAERBHAE & AR Th 8 i T A B %) & H et T,
R H b TR A S B0 A S0l 20 ke 2D A DG S = A
AT EAR AT I 5 =207 ] BB

(2) HEIEH T 2L 55 BRI~ ST AL DL
wEE RS EAS TP R W BE 4 Sk AR E 1T
PIEH, BRI 2R AR FARECTE . H R
D) N B E - ESBUGTHBIRIYI g, (AT
FERME LT, — MR FH AT SR 2 2 55 il i F

651



M % h & 2023528 #e68% Ho6H

T I, 455 S FERT T BRI R AR R 2 5,
HATERG L B 22 2RI R RO s — AP T

(3) Boitr AL S HLAR S TR A AR, b N
EACSEATE R A PERE ™ A= T4, SR 2 Ry
PLaR A A RS Al T R rp AR AN RE S WX i A R AL
H. ARG i LA AR DL B R RERS S
BN ECEALHLE, (A3 2, AeRe 5, FFAEH]
TAELMEIN. R, AR AR Rl i A2 B 5 X

W25 B R I MLAR 2 ) B 1 % 5 | S BHIF N B4
Bz 8%,

(4) BEBAE, MIEEIRAEAERE, P .
NASA. Hriats-=F |58 0 fICALCEFHLR A TF T
BT AR, RIE I, REUS A RAEMIT T /RS
i BARRA TR, Ik, MG BRRECR . &
TERF2E 0 2R 8 7 Bk 58 BRI 12 i 4 8 A Bh T o8 1k
AHRBARE R 78, FEURIRAESEAL U & .

it K Tamina Perveen(Quaid-i-Azam University) %t # 17 T1E 12 ft e & BYy.
575 3k

1

10

11

17

18

652

Peng J, Zhou Z, Wang J, et al. Residual remaining useful life prediction method for lithium-ion batteries in satellite with incomplete healthy
historical data. IEEE Access, 2019, 7: 127788-127799

Wang C F, Cao F, Li M J, et al. Research status and future development of thermalmanagement system for new energy vehicles underthe
background of carbon neutrality (in Chinese). Chin Sci Bull, 2021, 66: 41124128 [ MK, 4, 2204E, &5 g AT 5 TR e v s
ARGV B R SR A H. B8R, 2021, 66: 4112-4128]

Kim T, Song W, Son D Y, et al. Lithium-ion batteries: Outlook on present, future, and hybridized technologies. ] Mater Chem A, 2019, 7: 2942—
2964

Hu X, Feng F, Liu K, et al. State estimation for advanced battery management: Key challenges and future trends. Renew Sustain Energy Rev, 2019,
114: 109334

Sidhu M S, Ronanki D, Williamson S, et al. State of charge estimation of lithium-ion batteries using hybrid machine learning technique. In: 45th
Annual Conference of the IEEE Industrial Electronics Society. 2019. 2732-2737

Doyle M, Fuller T F, Newman J. Modeling of galvanostatic charge and discharge of the lithium/polymer/insertion cell. J Electrochem Soc, 1993,
140: 15261533

Ramadass P, Haran B, White R, et al. Mathematical modeling of the capacity fade of Li-ion cells. J] Power Sources, 2003, 123: 230-240
Abada S, Marlair G, Lecocq A, et al. Safety focused modeling of lithium-ion batteries: A review. J Power Sources, 2016, 306: 178-192
Moura S J, Chaturvedi N A, Krstic M, et al. PDE estimation techniques for advanced battery management system-part II: SOH identification. In:
2012 American Control Conference. 2012. 566571

Moura S J, Krstic M, Chaturvedi N A, et al. Adaptive PDE observer for battery SOC/SOH estimation. In: 5th Annual Dynamic Systems and
Control Division Conference/11th JSME Motion and Vibration Conference. 2012. 101

Hu X S, Feng F, Liu K L, et al. State estimation for advanced battery management: Key challenges and future trends. Renew Sust Energ Rev, 2019,
114: 109334

Bhangu B S, Bentley P, Stone D A, et al. Nonlinear observers for predicting state-of-charge and state-of-health of lead-acid batteries for hybrid-
electric vehicles. IEEE Trans Veh Technol, 2005, 54: 783-794

Xiong R, Sun F C, He H W. Data-driven state-of-charge estimator for electric vehicles battery using robust extended Kalman filter. Int J Automot
Technol, 2014, 15: 89-96

Sun F, Xiong R, He H. Estimation of state-of-charge and state-of-power capability of lithium-ion battery considering varying health conditions. J
Power Sources, 2014, 259: 166176

Wang S, Verbrugge M, Wang J S, et al. Multi-parameter battery state estimator based on the adaptive and direct solution of the governing
differential equations. J Power Sources, 2011, 196: 8735-8741

Zheng F, Xing Y, Jiang J, et al. Influence of different open circuit voltage tests on state of charge online estimation for lithium-ion batteries. Appl
Energy, 2016, 183: 513-525

Sun F, Xiong R, He H. A systematic state-of-charge estimation framework for multi-cell battery pack in electric vehicles using bias correction
technique. Appl Energy, 2016, 162: 1399-1409

Rahimi-Eichi H, Ojha U, Baronti F, et al. Battery management system: An overview of its application in the smart grid and electric vehicles. IEEE
Ind Electron Mag, 2013, 7: 4-16


https://doi.org/10.1109/ACCESS.2019.2938060
https://doi.org/10.1360/TB-2021-0648
https://doi.org/10.1039/C8TA10513H
https://doi.org/10.1016/j.rser.2019.109334
https://doi.org/10.1149/1.2221597
https://doi.org/10.1016/S0378-7753(03)00531-7
https://doi.org/10.1016/j.jpowsour.2015.11.100
https://doi.org/10.1109/TVT.2004.842461
https://doi.org/10.1007/s12239-014-0010-1
https://doi.org/10.1007/s12239-014-0010-1
https://doi.org/10.1016/j.jpowsour.2014.02.095
https://doi.org/10.1016/j.jpowsour.2014.02.095
https://doi.org/10.1016/j.jpowsour.2011.06.078
https://doi.org/10.1016/j.apenergy.2016.09.010
https://doi.org/10.1016/j.apenergy.2016.09.010
https://doi.org/10.1016/j.apenergy.2014.12.021
https://doi.org/10.1109/MIE.2013.2250351
https://doi.org/10.1109/MIE.2013.2250351

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44
45

46

Yu Q Q, Xiong R, Lin C. Online estimation of state-of-charge based on the H infinity and unscented Kalman filters for lithium ion batteries. Energy
Procedia, 2017, 105: 2791-2796

Linghu J, Kang L, Liu M, et al. Estimation for state-of-charge of lithium-ion battery based on an adaptive high-degree cubature Kalman filter.
Energy, 2019, 189: 116204

Liao L, Kottig F. Review of hybrid prognostics approaches for remaining useful life prediction of engineered systems, and an application to battery
life prediction. IEEE Trans Rel, 2014, 63: 191-207

Bian X, Wei Z, He J, et al. A two-step parameter optimization method for low-order model-based state-of-charge estimation. IEEE Trans Transp
Electr, 2021, 7: 399409

Galatro D, Da Silva C, Romero D A, et al. Battery health diagnosis approach integrating physics-based modeling with electrochemical impedance
spectroscopy. Energy Technol, 2022, 10: 2100942

Li J, Lotfi N, Landers R G, et al. A single particle model for lithium-ion batteries with electrolyte and stress-enhanced diffusion physics. J
Electrochem Soc, 2017, 164: A874-A883

Li X, Wang H M, Gu B, et al. Data sparseness in linear SVM. In: 1st International Workshop on Social Influence Analysis/24th International Joint
Conference on Artificial Intelligence. 2015. 3628-3634

Zhang S, Li X, Zong M, et al. Efficient kNN classification with different numbers of nearest neighbors. IEEE Trans Neural Netw Learn Syst, 2018,
29: 1774-1785

Kotsiantis S B. Decision trees: A recent overview. Artif Intell Rev, 2013, 39: 261-283

Biau G. Analysis of a random forests model. J Mach Learn Res, 2010, 13: 1063-1095

Celebi M E, Kingravi H A, Vela P A. A comparative study of efficient initialization methods for the k-means clustering algorithm. Expert Syst
Appl, 2013, 40: 200-210

Rumelhart D E, Hinton G E, Williams R J. Learning internal representation by back-propagation errors. Neural Netw, 1986, 323: 533-536
Schmidhuber J. Deep learning in neural networks: An overview. Neural Netw, 2015, 61: 85-117

Shandiz M A, Gauvin R. Application of machine learning methods for the prediction of crystal system of cathode materials in lithium-ion batteries.
Comput Mater Sci, 2016, 117: 270-278

Joshi R P, Eickholt J, Li L, et al. Machine learning the voltage of electrode materials in metal-ion batteries. ACS Appl Mater Interfaces, 2019, 11:
18494-18503

Liu B, Yang J, Yang H L, et al. Rationalizing the interphase stability of Li doped-Li;La;Zr,0,, via automated reaction screening and machine
learning. J Mater Chem A, 2019, 7: 19961-19969

Sarkar T, Sharma A, Das A K, et al. A neural network based approach to predict high voltage Li-ion battery cathode materials. In: 2nd International
Conference on Devices, Circuits and Systems, 2014

Wang G, Fearn T, Wang T, et al. Machine-learning approach for predicting the discharging capacities of doped lithium nickel-cobalt-manganese
cathode materials in Li-ion batteries. ACS Cent Sci, 2021, 7: 1551-1560

Jain A, Zongker D. Feature selection: Evaluation, application, and small sample performance. IEEE Trans Pattern Anal Machine Intell, 1997, 19:
153-158

Shah S M S, Shah F A, Hussain S A, et al. Support vector machines-based heart disease diagnosis using feature subset, wrapping selection and
extraction methods. Comput Electr Eng, 2020, 84: 106628

FuGH, WuY J, Zong M J, et al. Hellinger distance-based stable sparse feature selection for high-dimensional class-imbalanced data. BMC Bioinf,
2020, 21: 121

Zhang Y, Tang Q, Zhang Y, et al. Identifying degradation patterns of lithium ion batteries from impedance spectroscopy using machine learning.
Nat Commun, 2020, 11: 1706

Babaceiyazdi I, Rezaei-Zare A, Shokrzadeh S. State of charge prediction of EV Li-ion batteries using EIS: A machine learning approach. Energy,
2021, 223: 120116

Bhattacharjee A, Verma A, Mishra S, et al. Estimating state of charge for XEV batteries using 1D convolutional neural networks and transfer
learning. IEEE Trans Veh Technol, 2021, 70: 3123-3135

Hannan M A, How D N T, Lipu M S H, et al. SOC estimation of Li-ion batteries with learning rate-optimized deep fully convolutional network.
IEEE Trans Power Electron, 2020, 36: 7349-7353

Hochreiter S, Schmidhuber J. Long short-term memory. Neural Comput, 1997, 9: 1735-1780

Chemali E, Kollmeyer P J, Preindl M, et al. Long short-term memory networks for accurate state-of-charge estimation of Li-ion batteries. IEEE
Trans Ind Electron, 2018, 65: 6730-6739

Chen Z, Zhao H, Shu X, et al. Synthetic state of charge estimation for lithium-ion batteries based on long short-term memory network modeling
and adaptive H-infinity filter. Energy, 2021, 228: 120630

653


https://doi.org/10.1016/j.energy.2019.116204
https://doi.org/10.1109/TR.2014.2299152
https://doi.org/10.1109/TTE.2020.3032737
https://doi.org/10.1109/TTE.2020.3032737
https://doi.org/10.1002/ente.202100942
https://doi.org/10.1149/2.1541704jes
https://doi.org/10.1149/2.1541704jes
https://doi.org/10.1109/TNNLS.2017.2673241
https://doi.org/10.1007/s10462-011-9272-4
https://doi.org/10.1016/j.eswa.2012.07.021
https://doi.org/10.1016/j.eswa.2012.07.021
https://doi.org/10.1016/j.neunet.2014.09.003
https://doi.org/10.1016/j.commatsci.2016.02.021
https://doi.org/10.1021/acsami.9b04933
https://doi.org/10.1021/acscentsci.1c00611
https://doi.org/10.1109/34.574797
https://doi.org/10.1016/j.compeleceng.2020.106628
https://doi.org/10.1186/s12859-020-3411-3
https://doi.org/10.1038/s41467-020-15235-7
https://doi.org/10.1016/j.energy.2021.120116
https://doi.org/10.1109/TVT.2021.3064287
https://doi.org/10.1109/TPEL.2020.3041876
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1109/TIE.2017.2787586
https://doi.org/10.1109/TIE.2017.2787586
https://doi.org/10.1016/j.energy.2021.120630

4

30 & 2023F2H ¥$68% Ho6H

47

48

49

50

51
52

53
54

55

56

57
58

59

60

61

62

63

64

65

66

67

68

69

70

71

654

Bian C, He H, Yang S. Stacked bidirectional long short-term memory networks for state-of-charge estimation of lithium-ion batteries. Energy,
2020, 191: 116538

Shu X, Li G, Shen J, et al. A uniform estimation framework for state of health of lithium-ion batteries considering feature extraction and parameters
optimization. Energy, 2020, 204: 117957

Zhang Z, Li L, Li X, et al. State-of-health estimation for the lithium-ion battery based on gradient boosting decision tree with autonomous selection
of excellent features. Int J Energy Res, 2022, 46: 1756-1765

Li W, Sengupta N, Dechent P, et al. Online capacity estimation of lithium-ion batteries with deep long short-term memory networks. J Power
Sources, 2021, 482: 228863

Vetter J, Novak P, Wagner M R, et al. Ageing mechanisms in lithium-ion batteries. J Power Sources, 2005, 147: 269-281

Shen S, Sadoughi M, Chen X, et al. A deep learning method for online capacity estimation of lithium-ion batteries. J Energy Storage, 2019, 25:
100817

Roman D, Saxena S, Robu V, et al. Machine learning pipeline for battery state-of-health estimation. Nat Mach Intell, 2021, 3: 447-456

Wu Y, Dubois C, Zheng A, et al. Collaborative denoising auto-encoders for top-N recommender systems. In: 9th Annual ACM International
Conference on Web Search and Data Mining, 2016. 153-162

Ren L, Zhao L, Hong S, et al. Remaining useful life prediction for lithium-ion battery: A deep learning approach. IEEE Access, 2018, 6: 50587—
50598

Zhu J, Wang Y, Huang Y, et al. Data-driven capacity estimation of commercial lithium-ion batteries from voltage relaxation. Nat Commun, 2022,
13: 2261

Sadowsky J S. A new method for Viterbi decoder simulation using importance sampling. IEEE Trans Commun, 1990, 38: 1341-1351

Wu J, Zhang C, Chen Z. An online method for lithium-ion battery remaining useful life estimation using importance sampling and neural networks.
Appl Energy, 2016, 173: 134-140

Santhosh M, Venkaiah C, Vinod Kumar D M. Ensemble empirical mode decomposition based adaptive wavelet neural network method for wind
speed prediction. Energy Convers Manage, 2018, 168: 482493

Liu K, Shang Y, Ouyang Q, et al. A data-driven approach with uncertainty quantification for predicting future capacities and remaining useful life
of lithium-ion battery. IEEE Trans Ind Electron, 2021, 68: 3170-3180

QuJ, Liu F, Ma Y, et al. A neural-network-based method for RUL prediction and SOH monitoring of lithium-ion battery. IEEE Access, 2019, 7:
87178-87191

Qian C, Xu B, Chang L, et al. Convolutional neural network based capacity estimation using random segments of the charging curves for lithium-
ion batteries. Energy, 2021, 227: 120333

Yang Y. A machine-learning prediction method of lithium-ion battery life based on charge process for different applications. Appl Energy, 2021,
292: 116897

Saxena S, Ward L, Kubal J, et al. A convolutional neural network model for battery capacity fade curve prediction using early life data. J Power
Sources, 2022, 542: 231736

Saxena S, Ward L, Kubal J, et al. A convolutional neural network model for battery capacity fade curve prediction using early life data. ] Power
Sources, 2022, 542: 231736

Ren L, Dong J, Wang X, et al. A data-driven Auto-CNN-LSTM prediction model for lithium-ion battery remaining useful life. IEEE Trans Ind Inf,
2021, 17: 3478-3487

Zraibi B, Okar C, Chaoui H, et al. Remaining useful life assessment for lithium-ion batteries using CNN-LSTM-DNN hybrid method. IEEE Trans
Veh Technol, 2021, 70: 4252-4261

Chemali E, Kollmeyer P J, Preindl M, et al. State-of-charge estimation of Li-ion batteries using deep neural networks: A machine learning
approach. J Power Sources, 2018, 400: 242-255

Anton J C A, Nieto P J G, Viejo C B, et al. Support vector machines used to estimate the battery state of charge. IEEE Trans Power Electron, 2013,
28: 5919-5926

Xue Z, Zhang Y, Cheng C, et al. Remaining useful life prediction of lithium-ion batteries with adaptive unscented Kalman filter and optimized
support vector regression. Neurocomputing, 2020, 376: 95-102

Patil M A, Tagade P, Hariharan K S, et al. A novel multistage support vector machine based approach for Li ion battery remaining useful life
estimation. Appl Energy, 2015, 159: 285-297


https://doi.org/10.1016/j.energy.2019.116538
https://doi.org/10.1016/j.energy.2020.117957
https://doi.org/10.1002/er.7292
https://doi.org/10.1016/j.jpowsour.2020.228863
https://doi.org/10.1016/j.jpowsour.2020.228863
https://doi.org/10.1016/j.jpowsour.2005.01.006
https://doi.org/10.1016/j.est.2019.100817
https://doi.org/10.1038/s42256-021-00312-3
https://doi.org/10.1109/ACCESS.2018.2858856
https://doi.org/10.1038/s41467-022-29837-w
https://doi.org/10.1109/26.61375
https://doi.org/10.1016/j.apenergy.2016.04.057
https://doi.org/10.1016/j.enconman.2018.04.099
https://doi.org/10.1109/TIE.2020.2973876
https://doi.org/10.1109/ACCESS.2019.2925468
https://doi.org/10.1016/j.energy.2021.120333
https://doi.org/10.1016/j.apenergy.2021.116897
https://doi.org/10.1016/j.jpowsour.2022.231736
https://doi.org/10.1016/j.jpowsour.2022.231736
https://doi.org/10.1109/TII.2020.3008223
https://doi.org/10.1109/TVT.2021.3071622
https://doi.org/10.1109/TVT.2021.3071622
https://doi.org/10.1016/j.jpowsour.2018.06.104
https://doi.org/10.1109/TPEL.2013.2243918
https://doi.org/10.1016/j.neucom.2019.09.074
https://doi.org/10.1016/j.apenergy.2015.08.119

P A

Summary for “%Hi 3K 20 i) B 25 7 L 4 2k d R PR S S H0R A

Data-driven full life-cycle state parameter assessment of Li-ion
batteries

Jie Liu', Zongcheng Miao™ & Qingyun Wang3

' Xi'an Key Laboratory of Advanced Photo-electronics Materials and Energy Conversion Device, Xijing University, Xi'an 710123, China;
* School of Artificial Intelligence, Optics and Electronics (iOPEN), Northwestern Polytechnical University, Xi'an 710072, China;

* The Second Institute of China Aerospace Science and Technology Corporation, Beijing 100854, China

* Corresponding author, E-mail: miaozongcheng@nwpu.edu.cn

The battery management system (BMS) is a vital link between the power battery, the onboard system, and the engine.
Adjusting the output power depending on the current driving situation of the vehicle and the surrounding environment
ensures the lithium-ion battery’s safe, stable, and effective operation. It is essential to optimize the charge and discharge
rate of the cell and prolong its lifetime. The battery management system has three key estimation parameters—State of
charge (SOC), state of health (SOH), and remaining useful life (RUL)—That have key reference values for the battery’s
current use. As the above state characteristics cannot be computed directly from the battery, a broad and highly predictive
approach must be developed to estimate the condition parameters. This review analyzes the development of the application
of battery state parameter estimation, explains the model concepts, compares the differences between models, and explores
illustrative typical applications. Patterns are categorized into traditional models and data-driven machine learning models
in this review.

The traditional model’s electrochemical model provides a highly accurate description of the internal behavior of the
battery through the battery reaction mechanism and explains the charge transfer process between electrodes from a
chemical theory perspective. However, the electrochemical model is not suited for online state parameter estimation due to
its maximum complexity and high computational stress among the standard models. The equivalent circuit model, which
employs circuit components like resistors and capacitors to describe the dynamic features of the battery, is based on a
simpler idea than the complicated partial differential equations that are used to describe the battery’s fundamental
electrochemical operations. However, because of the low state parameter estimation precision, it is not compatible with
emerging battery management systems with high state parameter estimation accuracy. To enhance the performance of the
model, the fusion model integrates the features of different models. Though, the application of fusion models for battery
management systems needs more research due to the inclusion of models with additional sources of error and the challenge
of creating failure criteria for the fused models. The commonly used machine learning algorithms, such as a k-nearest
neighbor, support vector machine, random forest, and artificial neural network models, are briefly introduced in this review.
It also provides a systematic overview of the model training process from data pre-processing to model evaluation. This
review also offers a comprehensive overview of the whole model training process, from data pre-processing through
algorithm selection to model performance assessment, and it lists the variables to be considered when choosing an
algorithm. Finally, this review discusses the development of data-driven machine learning models for state parameter
estimation and examines the estimated performance of models created by the techniques employed in representative
papers. The research suggests that long short-term memory network-based models have better estimation performance for
estimating battery condition parameters. The data-driven machine learning model is not ideal and still requires
improvement since the model that the machine learning algorithm learned is a black box model lacks interpretation of the
results and places strict constraints on the source and quality of data.

On this basis, it is proposed that existing or more sophisticated machine learning models are enhanced and their
estimation accuracy and stability are evaluated. In order to achieve joint estimation models with high accuracy and
scalability, machine learning models for multi-tasking also need to be developed. Furthermore, to overcome the
unpredictability of machine learning for the internal aging of batteries, it is also advised to create fusion models using a
combination of electrochemical models and computer algorithms. To increase the amount of data available to researchers
and aid in the advancement of artificial intelligence in the field of state parameter estimation, it is also advised to integrate
experimental data, standardize data storage standards, and create databases.

lithium-ion battery, data-driven, machine learning, parameter evaluation
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