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A large-model-based estimation method for lithium-ion battery state-of-health
integrating temporal token encoding and residual enhancement

Jiao Jinyang,Huang Shan,Li Hao

(School of Reliability and Systems Engineering, Beihang University, Beijing 100191, China)

Abstract: Facing the national strategic transformation of intelligent manufacturing and full-life-cycle health management during the " 14th
Five-Year Plan" period, the reliability and safety of core energy units in high-end equipment have become a key bottleneck. As the core
of these units, the accurate assessment of the state-of-health (SOH) of lithium-ion batteries is crucial for ensuring system safety and
optimizing operation and maintenance strategies. However, the strong nonlinearity and multi-factor coupling characteristics of the battery
degradation process pose significant challenges to traditional methods. To address this challenge, a new paradigm for lithium-ion battery
SOH estimation driven by a foundational large model is proposed. This framework deeply integrates the excellent long-term temporal
reasoning capability of the foundational large models with the advantage of fine-grained feature decoupling in deep learning through an
innovative hierarchical temporal token encoding mechanism and a residual-enhanced feature mapping network, achieving end-to-end
integrated modeling from raw sensing data to SOH prediction. Specifically, the framework first converts multi-dimensional battery feature
sequences into semantic tokens processable by the large model. Weak degradation-sensitive features are then extracted and enhanced
using a deep residual network. Finally, the context awareness and self-attention mechanism of the large model are leveraged to accurately
capture and predict the capacity decay trajectory across hundreds of cycles. Comprehensive evaluations on four public datasets (HUST,
MIT, XJTU, and TJU) show that compared with mainstream benchmark models, the proposed method achieves the optimal or near-

optimal performance in terms of root mean square error (RMSE) and mean absolute error ( MAE) , demonstrating excellent prediction
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accuracy, stability, and generalization ability. This study not only provides a theoretical perspective and engineering practice scheme for

lithium battery life prediction but also offers an example for the in-depth application of large model technology in the field of intelligent

operation and maintenance of high-end equipment.

Keywords : lithium-ion batteries; state-of-health estimation; large models; intelligent operation and maintenance
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Fig. 1 Overall architecture diagram of the large-model-based estimation method for lithium-ion battery SOH
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Table 2 Comparison of RMSE (%)

PO vp7S HUST MIT TIU XJTU
CNN 0.97+0.06 0.37+0.17 0.51+0.07 0.62+0.13
ResNet 1.00£0.03 0.31+0.03 0.51+0.04 0.82+0.39
LSTM 1.49+0.06  0.28+0.02 0.46+0.02 0.87+0.17
Transformer 1. 12+0.09  0.29+0.07 0.67+0.28 0.21+0.19
BiGRU 1.40+0.08 0.27+0.01 0.74+0.12 0.96+0.58
P-CLCL 0.72+£0.05 0.25+0.02 0.45+0.01 0.17+0.05
SOH-LM 0.63+0.04 0.26+0.01 0.45+0.01 0. 13+0. 06
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r --=-CNN Transformer ResNet — - LSTM
Table 3 Comparison of MAE (%) 8
L HUST MIT TJU XJTU ;:; 6
CNN 0.65+0.04 0.24+0.15 0.23+0.02 0.36=0. 13 f§4
ResNet  0.66+0.02 0.20+£0.03 0.27+0.04 0.50+0. 28 ﬁ.ﬁz
0
LSTM 0.99+0.04 0.16+0.02 0.23x0.02 0.56=0. 14
Transformer  0.73+0.05  0.18+0.06  0.40+0.29  0.15+0.12 0 5 10 % ngkﬁz 20 25 30
BiGRU  0.93+0.04 0.15£0.01 0.50+0.12  0.58=0. 40 (a) HUSTHcHiR 48 | i) & BEAL R 2% 31
(a) Error performance of various models on the HUST dataset
P-CLCL  0.48%0.04 0.14%0.01 0.22+0.03 0.11+0.04 — SOBLLM ~=BiGRU == P-CLCL
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Table 4 Comparison of R (%)
Xf ey i HUST MIT TJU XJTU

CNN 98.72+0.17 99.01+0.99 98.47+0.44 96.34+1.33
ResNet 98.64+0.08 99.38+0.12 98.52+0.22 92.57+6. 14
LSTM 96.98+0.24 99.52+0.09 98.76+0.11 92.76+2.88

Transformer 98.30+0.27 99.45+0.28 97.07+2.53 99.33+1.17

BiGRU 97.36+0.31 99.55+0.03 96.76+0.94 88.98+13. 65
P-CLCL ~ 99.35+0.08 99.60+0.10 98.80+0.04 99.78+0. 15
SOH-LM  99.46+0.07 99.58+0.04 98.85+0.03 99.83+0.17
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(b) Error performance of various models on the MIT dataset
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Fig.3 Error curves versus cycle number of different models
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Fig.4 Error distribution of 6 models

Horp AR MR 22 PAABBRGE T X I 5% 22 1Y H B AT
A INE T FRAE IR 56 B8 5 4% %% e i 2k m] WL ), AN ]
MR fE R 22 R P R 1 22 55 1 3% . CNN | ResNet,
Transformer 45 54 Y (1) 1% 22 K B 4E 1 #F £ 0. 02 i [,
P-CLCL S J L AR i (EJZAMSRAFEAE O 52 25 8K 1Y
75,11 SOH-LM (1 4 (a) ) JE7I Hid i 35 (i B vt 3,
RZEILT 2R 7E£0. 01 Yo, HA% % B R EfE 1R 22
h O BT 52 AR A BE N Y AR 1

AN H 7 B BIEA I8 R T IR 2E 53 A 0 e BE Rk . T
P& AR (1 152 22 43 A 4R S R ) S 1) AR U 5 1 4 R S
Rt s 2R b o B SR EER HILZ T,
BiGRU 5 LSTM )53+ il & 5 Sy i °F- , 3 W B0 2% 22 &)
B KR BS 3 ResNet Al CNN SR FEBL H — < 1 4 o
FAF A0 A XA A AN AR S R A B0 Transformer
3 AR FRAE R AU P A AR, ¢ W B AR A (ARG it 1B

KEFES AR T2 6], 1] v R P ) A T 4 2 M A R ) S
W LB R - 4R Hh A A3 R TR i, LT E
A £0. 02 BY TR ZEREA, s AR AR A 3 4 AR BE g
R, P T AR RAR 25 0 35 (0 T A SR fE R 2
BOREA FSBL T SORRUE SRS 0 ) BT, 9/ T SOH. Ak
s,

MG Sk, S R R T i A AR b B Ay
/NTR ZE P BTE A B B LR R R
3 A5 RN FR 1 i 25 R B0, T840 B0 UE T H 25 M 1
7 R A FE U AT: 55 v A RE S e BETE L e AR R
AR TR [N 5 | A RS TR Ay ) 22 )2 ik 2 i 22 T 3 B0 38
A IS, {ELAE S 50w ORT  F) FNORS B 4R T 2
FUIRAE S Z A 75 g B B 4 EAL S sE  E , ih
1, 3 — 7 W ANASURT o7 T Rt R R A e, R A
R R A

L4y B S g 45 5 SOH-LM J7 3k 78 2 B i 4 B
Do R A T HAMRR RS . 5T, R A4 g
B SRS R TIIE BR 1 oMb I PP R3O 55 AR R 3 S =[] A A5
255 fRERYRE 78 43 A FH U 25 A4 30 FH 0 RO,
TAE RS 00 2% P ) 5% 2 8 H A AR il 1 TR I 4% B0 e JRE T
R, GRAIE TR LB AR 7E B s f e, 23k AR
TIRUA 55 TR A7 g B 9 45, A AR R I RO ik
TEERAYAR LA IR AL U I, B AL GEAG 35 I 2 AT T8 1Y
2R RERE ) SRR E N

3 & i

BEXHME G B 24 2] T Wk AE 81 B8 1’ i SOH A it
FELEM R AR 4 R 2 T2 Fb BE 7 55 45 () i, AR SC 4
T T [ A BB A AR S T F T A TR S AR LA
Tk I BT A2 U A 54 R G i) 1 g 2 344
SRR I B X 245 | B o I KA 28 %) st e i 2L 5 )
TS 2 H i A R HLU . 7E HUST \MIT XJTU & TJU
XA4NANFFHAEE LG RUERM, BT k&
RMSE il MAE #8645 131 F CNN  Transformer 45 3= i 3
TR | Jo B L L 1) TR B e

UG BTy pE IS T BAR A S 645 3 (A e i B A%
T BRI R B TR A i A 3 S ) 2 AL R
TS $ETEAs 18], s 1) SEvRskoh o (A SE S R R IR
FIFERICHL ) 52) R B4 B 2k (4N L 3R 4R 2o i/ S
FRIZI L Bl ) 53 ) A% AR B T B0 BHE ™ Rk
SCE IR (A R R R ) o AR TARR B SRR
PERSEE (N A iz 2 B B SOR S B R 8dR) 1R A L
il , AR LT B R 5 s b () di N3R5 7 52, AE— 25
B KA AR AR R RRis 2 P i TR bV Hb



332 (O I %47%
S 3k Mechanical Engineering, 2021, 57 (14). 105-117.
(1] o, e REIME LK R g (0] FFR, XUKAL SILE, A AETRGE h=AeSk

SPkER[T]. HLBE TR, 2023, 59 (20) . 215-224. ML Box-Cox 2546 1) 2 B F LIt 25 st TN [ ) ].
LIN J, JIAO J Y. Research progress and challenges of LB T AR 44R, 2021, 57 (14) ; 118-128.

interpretable mechanical intelligent diagnosis[J]. Journal SHU X, LIU Y G, SHEN J W, et al. Capacity
of Mechanical Engineering, 2023, 59 (20) ; 215-224. prediction for lithium-ion batteries based on improved

(2] #dl “H a5 Be i Ak R il 52 Kk # least squares support vector machine and Box-Cox
HI[I]. PETALMGER, 2022 (1) 26-29. transformation[ J ]. Journal of Mechanical Engineering,
DONG K. Interpretation and trend analysis of the 2021, 57 (14): 118-128.
development plan of intelligent manufacturing in the  [10] FRSCH:, A, EFH, 5. HERF R A7 dr
"14th Five-Year Plan" [ J]. China Industry & TN 2 > IR IE (1], & S5 AUER 254,
Information Technology, 2022 (1) : 26-29. 2025, 39(3) : 13-20.

[3] WANG F J, ZHAO ZH B, REN J X, et al. A ZHENG W P, ZHOU SH J, WANG Y J, et al
transferable lithium-ion battery remaining useful life Prediction of remaining service life of electric submersible
prediction method from cycle-consistency of degradation pump based on ensemble learning model[ J]. Journal of
trend [ J ]. Journal of Power Sources, 2022, 521: Electronic Measurement and Instrumentation, 2025,
230975. 39(3); 13-20.

[ 4] BOKSTALLER J, SCHNEIDER J, BROCKE J V, et al. [11] ZHAOJ Y, FENG X N, PANG Q Q, et al. Battery
Estimating SoC, SoH, or Rul. of rechargeable batteries prognostics and health management from a machine
via IoT: A review[J]. IEEE Internet of Things Journal learning perspective [ J ]. Journal of Power Sources,
2024, 11(5) ;: 7559-7582. 2023, 581 233474.

[5] HEH, ZE=gds. JLTRb P2D FEAY AL ES + e BT 4 [12] Z=k, £z, E&EMS. 5T CPO By IFMD-BiTCN-
WAR L], PLA TR 24, 2025, 61(22) . 176- BiGRU-AT Wiitai 75 i F000 Jy ik Ao (1], o 7 &=
188. SRR, 2025, 39(10) ; 255-268.

XIONG R, LI X G. Lithium precipitation evaluation method LI B, WANG X ZH, WANG ZH P. IFMD-BiTCN-
for Li-ion batteries based on simplified P2D model [ J ]. BiGRU-AT remaining usable life prediction method for
Journal of Mechanical Engineering, 2025, 61(22); 176- circuit breakers based on CPO[J]. Journal of Electronic
188. Measurement and Instrumentation, 2025, 39(10) ; 255-

[ 6] RODRIGUEZ-CEA A 1, MORINIGO-SOTELO D, 268.

TINAUT F V. A procedure for evaluating the SOH of Li-ion [ 13]  JAIWIT, ® 4 S 4R A . £ 07 [ 52 70 95 3 B3 4 H
batteries from data during the constant voltage charge phase A BB PR (1], IR3) TR
and the use of an ECM with internal resistance[ J]. Journal i, 2022, 35 (4): 841-848.

of Energy Storage, 2025, 108; 115074. ZHOU M B, CAO J Y, ZOU ZH Y. Experimental study

[7] WULX, LYU ZH Q, HUANG Z B, et al. Physics- on the influence of multi-directional real road spectrum on
based battery SOC estimation methods: Recent advances battery capacity and impedance[ J]. Journal of Vibration
and future  perspectives[J].  Journal of Energy Engineering, 2022, 35 (4); 841-848.

Chemistry, 2024, 89; 27-40. [14] TAOSH Y, MA R F, ZHAO Z X, et al. Generative

[ 8] E=m, ZZHEE, B3, &, B TEm B e learning assisted state-of-health estimation for sustainable
THMR R A AT )], P TR0, 2021, battery recycling with random retirement conditions|[ J ].
57(14) ; 105-117. Nature Communications, 2024, 15(1); 10154,

WANG X Y, LI R K, WEI X ZH, et al. Study on [15] WANGJ R, PENG Q, MENG J H, et al. A physics-

remaining useful life prediction of lithium-ion batteries

based on charge transfer resistance[J]. Journal of

informed neural network approach to parameter estimation

of lithium-ion battery electrochemical model[ J]. Journal



53

PRI A R I A R B 5 K 22 48 2 ) L 2 1 el A RREAR S AU T 12k

333

[16]

(17]

[18]

[19]

[20]

[21]

(22]

[23]

(24]

of Power Sources, 2024, 621 235271.

YIN SHK, FU CH Y, ZHAO S R, et al. A survey on
multimodal large language models[ J]. National Science
Review, 2024, 11(12) : nwae403.

W, B SR s SR A PR A AU ORI
B i S )] AR I, 2025, 46(10)
2-21.

PENG Y, JI T, GUO CH L. Prognostics and health
management domain-specific large language models:
Applications and prospects [ J ]. Chinese Journal of
Scientific Instrument, 2025, 46(10) ; 2-21.

MIN B, ROSS H, SULEM E, et al. Recent advances in
natural language processing via large pre-trained language
models: A survey[ J]. ACM Computing Surveys, 2024,
56(2): 1-40.

DeepSeek-AI, GUO DY, YANG D J, et al. DeepSeek-
R1: Incentivizing reasoning capability in LLMs via
reinforcement learning [ J ]. arXiv;
2501. 12948, 2025.

KHAN M A, ALI Z A, MASOOD R J. UAV-assisted

ArXiv preprint

LoRa-based wireless sensor network for environmental
monitoring[ J]. Instrumentation, 2025, 12(2) ; 91-100.
TE, ZEAR, Z2m, S 1 HUAR R A 38 T
EHE REE g R[], HLW TR 74, 2025,
61(6): 1-13.

LETY G, LI X W, LI X, et al. Research on large model
for general prognostics and health management of
machinery [ J ]. Journal of Mechanical Engineering,
2025, 61(6): 1-13.

MA G J, XU S P, JIANG B B, et al. Real-time

personalized health status prediction of lithium-ion
batteries using deep transfer learning [ J ]. Energy &
Environmental Science, 2022, 15(10) : 4083-4094.
WANG F J, ZHI Q Q, ZHAO ZH B, et al. Inherently
interpretable physics-informed neural network for battery
modeling and prognosis [ J ]. IEEE Transactions on
Neural Networks and Learning Systems, 2025, 36(1):
1145-1159.

WANG F J, ZHAI ZH, LIU B CH, et al. Open access
dataset, code library and benchmarking deep learning
approaches for state-of-health estimation of lithium-ion

batteries [ J |.
109884.

Journal of Energy Storage, 2024, 77.

[25]

[26]

[27]

[28]

(29]

[30]

[31]

[32]

[33]

WANG F J, ZHAI ZH, ZHAO ZH B, et al. Physics-
informed neural network for lithium-ion battery degra-
stable modeling and  prognosis[J]. Nature
Communications, 2024, 15(1) ; 4332.

ZHU ] G, WANG Y X, HUANG Y, et al. Data-driven

dation

capacity estimation of commercial lithium-ion batteries
from voltage relaxation [ J]. Nature Communications,
2022, 13(1) . 2261.

SEVERSON K A, ATTIA P M, JIN N, et al. Data-
driven prediction of battery cycle life before capacity
degradation[ J]. Nature Energy, 2019, 4(5) : 383-391.
WANG F J, ZHAO ZH B, ZHAI ZH, et al
improvement for SOH
battery[ J].  Reliability
Engineering & System Safety, 2023, 232. 109046.

OUYANG T CH, WANG CH CH, XU P H, et al

Explainability-driven  model

estimation of  lithium-ion

Prognostics and health management of lithium-ion
batteries based on modeling techniques and Bayesian
review[ J]. Sustainable Energy Tech-
nologies and Assessments, 2023, 55. 102915.

DeepSeek-Al, LIU Al X, FENG B, et al. DeepSeek-

approaches: A

V2. A strong, economical, and efficient mixture-of-
experts language model [ J ].
2405. 04434, 2024.
DeepSeek-Al, LIU Al X, FENG B, et al. DeepSeek-V3
technical report[ J]. ArXiv preprint arXiv: 2412. 19437,
2024.

SUJL, LUY, PAN SH F, et al. RoFormer: Enhanced
ArXiv

ArXiv preprint arXiv:

Transformer with rotary position embedding[ J].
preprint arXiv: 2104. 09864, 2023.

JAFARI S, KIM J, BYUN Y C. A novel fusion-based
deep learning approach with PSO and explainable Al for
batteries state of charge estimation in electric vehicles[ J].

Energy Reports, 2024, 12. 3364-3385.

EEE N

T

FEECGEFMERH), 2015 4F FrhE A
RS (R AR) 3R A% 2 5207, 2020 4F T
GAT R AR LA, B AL B2 A
RRZ S R TR R 7, %
WFFET7 ) 9 N T BE WU L 2 iy SRS

)

b

E-mail ; jiaojinyang@ buaa. edu. cn

Jiao

Jinyang ( Corresponding author) received his B. Sc.



334 f# £ ¥

47

degree from China University of Petroleum ( East China) in
2015, his Ph. D. degree from Xi'an Jiaotong University in 2020.
He is currently an associate professor in School of Reliability and
Systems Engineering at Beihang University. His main research
interests include artificial intelligence, machine fault diagnosis
and condition prediction.

EH, 2024 4 T AR R 357 1
& S AN S (1 5 48 | 0 e N e T e
ARG T REeE B s i 1 B b2 o, 2%
WFFE 7 1) S R TH 75 A6 Y o it i B IR 2
- w E0
E-mail : hshan0322@ buaa. edu. cn

Huang Shan received her B.Sc. degree from Northeast
Forestry University in 2024. She is currently a master’s candidate

in School of Reliability and Systems Engineering at Beihang

University. Her main research interests include LLMs and state-
of-health prediction for batteries.
FR,2020 A THCEATZE MR KA FRAT
(’:ﬁ:\‘ S, HRTIETEAC ST 28 R R 27 e
=/ HUBR TR 27, DO AL SO S LR K 5
B TS RA TR LR, R
‘ ) . G 7 I AT AL TR 2% 3 2 BB
W5 T P A R
E-mail ; buaalihao@ buaa. edu. cn

Li Hao received his B.Sc. degree from Beihang University in
2020. He is currently pursuing his Ph. D. degree in mechanical eng-
ineering at Beihang University. He is currently a Ph. D. candidate
in School of Reliability and Systems Engineering at Beihang
University. His main research interests include signal processing and

deep learning for mechanical fault diagnosis and prognosis.



