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Figure 1 Al-driven state estimation and fault diagnosis
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Figure 2 Evolution of AI-driven state estimation technologies for lithium-ion batteries
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Figure 3 Cutting-edge AI technology for lithium-ion batteries

PRI A RRAE , £ 500 OKS B S A SOTA AL T} T
50% L) E, Wang %5 $5 38 FH PINN HEZ2 | F1
225 190 2% 4t 2 R L OR Ak 3 g 2, O 8 ok W R 5 FE 2
FOFN B Ve 2 Ok R BRI SR TE AN TR R Y
387 M e b A AR ik v J Y LB AN AR A
A RE ) S AL E U AT AR EE T .

B 1 W BRI e AP 28 0 2% 1) 4 2R eRE
Hb A al SR F T AT A R 1y BRASERL 53 5 55 04 9K 5l
G SCAE R A ST B PR R T AE B R U AR e B
B B0 RUL B0 AE A, Deng 45" % 31 #1938 JH
PINN HEZR FHRUr 3L 4540 ) B 03 S03E T SET K
ISP RE T R, dk 9K 2l 43 SR AT 5Kk B U
AR AR 2205 B o A WU SR - X 57 - SR
ZAEBITEAA 4 D8P B9 BN FEATE | B0 5 22 5
IRF I G IR E & B4 M4 (deep convolutional
neural network , DCNN) , 5 5 ff P T 5 FTTHL RIS T 19
ZALKER

B PINN 7 52 Br iz A AT T il % J2 0 i Bk
PINN i 2o Y1l 2451 2K ek BOR 405 B8 | 7 52 B B0 2
Mg P 5 W) A R I ) L 24 R B8 0L Z TR A AE o
R, P ESANT SR ME, B BRI LA S R
X e SRR S AR B RN L R AR R A A S BT
T ST R AE
3.2 HFFERKR

B 28 A R B R A vt ) B S A ) R R
R DL SR ST R T S AR Y B AR F] 2P RS
S, Ay R b At B R A A i R 0 (R A B AR AL T
RE SR I RTIE

Yuan % F O B AR - MRS A TR BT
Rk M A0 o R, AT A e AR A T B o S I
SCHGRLEE TR SOC SF S MU BUM A e T 1%
TR X P U S S e K SR TR R S
15 (A 5 S 109 B 4 et 22— L

1A AR R s Ay R b, 2SI kS
BOER 2 RS A T R ME AL O TR B XX —1a)
BT VR A DTHM BERUAE B T FHE R R 2
B 5 1 22 W 4 R 80T 28 A R SE IR IE I L
b A AL B S BOAN B E P DR IE T A AR i A
WA E PR . BLAh 80 SR 2 AR AR AR
KR EEH 29 ] & | Reeta 25 JF % (1) = %% BMS
HEZRI T =~ 5 B 5 R 58y, is 17 B 2R W 807 78 2k
BB GERE T 45 3030 S S W9 53 R BT, S T Rl
JE A LB SEIN SOC 5, Yi A5 R 48 H it 4R
S LR [ R, i 7 A v B S O H B T T Al
A L Bl A AT A A B AR AR AL ST X H Tt
PO R, O R G B R T G
o IET

By 28 A R IE HE Bl Tt A I ) T Bl O 45 5
B EAFAE SRS S AR B PG BT
RGBS B s PEAT AR R R R B R %
B Py 23 G N, Sy 38 5K 22 b 0 e . 7 A4 A ¥ o A5 2L )
TR GAE AR LA 2 A WY B AFAE T R L )
3.3 XEEHRE

FAE T R ( large language models, LLMs) 1Tt
FL8 K 7 5 A R ) RNk CER AR R ), v TR
i I 7 A 1 A S A | 2 A 2 e I K 40 1) 0



% 6

GBI, A AT IR Y 88 T L R S AR I 5 RS W 11

AR A AR ICE BORE B B AR B | H s
AR 25 5 P B SRR, A D v v B A BT R
o0k % N E

BEX AL I 40 R AR KR AR A BT R RY HE T, Hu
4= DSV IT & Y BatteryGPT F1J FH PR SR 18 35485 0 % # IS
LIRS Y N TRl o &/ i SR S I = P (R R
e i JE A0 70 R B i 2R B, B B A T R SOH. il
T F oA o A AR S TR D I, Tuncel %7 5]
A ChatGPT A B2 HEHL A% 2 ] TAE R, 8 2 25 44
A7 1] 5 | S A S il D AR A 1 45 21 B 2 B0 A
AU R, oAl T i R Mt B SOH. M O e, % M
TABGE T VE X L G I 1Y 3ok AR

AN LLMs 7E 2 B R IE Rl & 5 hT M g | &
P 4R Y, Zhang 25 °Y 2 H A LLM-MSIformer
HEZR 38 4 5 i Ak $2 7 1A 2 AL FR AR #2 A o BoAT
i SCfE BRSO TT B dE , I LM i SCHfE 2 g
T3 WA PR P B AR AR A TR T S0 4 RS
B PR S TR

S KA LA IR ST ) WA, (BT H it
ARZSAT T 5 W 12 Wy U 2 AT Ak T R BHR R By
B, W, KRR b 3 i B L Ml i R F AL e L
PRECH 12 AT 55 I A T RE 7 AR < LT i 4
RAMRE A W, moRT BE 9 LLMs Gl 5 14 &
FUOR 4 B B Mk D) B B T IR Z R Y
T 3ty oI it RE A T 2k it , 0 HE LA % BE R g RS
s P S PR R

4 ZRERE

RIXRGLRIR T AT BOR AL B i R 2 Al
5 2 W U Y 1 BT S L RV LR AT
TR el b A B A B A R 1 2R Mk R FLRE AT )
R TR I AT T e 22 J PR, 455 2 AT 58 2L
AR CEARI AN 72K, R BETOR RAE T LR
L 7 1)

(1) K i 2o A58 285 0y [l S B R | 3 I AR AR T
BT FoR , HE T 2 82 O [R]85 84 S
W, S AL I B L AR B D7 1 Rl 2 A B A D K
& T e U RS E

(2) A P B 5 AN T8 RERL &, B AT i
RV MR R S 1 fR Tt R AR A O LB A DA R
B R A TR 2 ) 2R i o B 24 ) A
PERE TR, %05 1) i) H T A O 2 5 T Rl R S
M N figp DR RS BR T 00T AR ZSAG 30 22 [ A

(3) ZE 38 /NREAR 5 15 BT 7% o ) BRI, R
Wl Z M, G A A% o o) a I T 00RO 22 S L A

BT AR A A R R I A | T A 1] 2 R b S
BTV ZR B W0 0 R0 B = AL A e T R L AR A
75 o 5 40

(4) M = U A 5 807 2 A A R & 1 T
MU BIALRE . [ 58 2 dim KRR 3 Ak B 15 30 3 52
PR SR, T8 00 i e A 4 B S = v &2 2R U 5 0 )
ZRHe 2 Xk I B A O () A 4 SRR Bl L AR
TP s AE AL, DR R R G R AT SR AT

(5) HE 3k R A Y 38 T AE T, S5 B 4 U R i
B B, KFE R L 5E JH R R B, A LLMs
Z RS FERE Ty, 92 B R W R A T R TR ) S
B A, AN T AR I

S % Uk

[1] Dunn B, Kamath H, Tarascon J M. Electrical energy
storage for the grid: a battery of choices[J]. Science,
2011, 334(6058) : 928-935.

[2] Xia Xiangyang, Tan Xinxin, Shan Zhouping, et al. Key
technology and development prospect of ontology safety for
lithium-ion battery storage power stations [ J ]. Electric
Power, 2024, 57(11): 1-17. [ EmBE, BRIk, 5
R i R R R R N o L N
FARRFHWOT]. REE S, 2024, 57(11); 1-17. ]

[3] Hu Dunan, Huang Sheng, Wen Zhen, et al. A review on
thermal runaway warning technology for lithium-ion batter-
ies[ J]. Renewable and Sustainable Energy Reviews,
2024, 206 114882.

[4] Xiong Rui, Yang Ruixin, Chen Zeyu, et al. Online fault
diagnosis of external short circuit for lithium-ion battery
pack[J].
2020, 67(2): 1081-1091.

IEEE Transactions on Industrial Electronics,

[5] Song Lei, Lu Chunguang, Liu Lin, et al. State of charge
estimation of LiFePO, battery based on modified amper-
hour integral method[ J]. Journal of Zhengzhou University
( Engineering Science) , 2023, 44(6): 84-90. [ K7,
BEOG, Xk, 5. BT IE 22 0 B 43 5 1 Wl 1R R 4
ML A R A AT [ T]. FBM R (L% M),
2023, 44(6) : 84-90. ]

[6] Severson K A, Attia P M, Jin N, et al. Data-driven pre-
diction of battery cycle life before capacity degradation
[J]. Nature Energy, 2019, 4(5) . 383-391.

[7] Zhang Yongzhi, Xiong Rui, He Hongwen, et al. Long
short-term memory recurrent neural network for remaining
useful life prediction of lithium-ion batteries[ J]. TEEE
Transactions on Vehicular Technology, 2018, 67 (7):
5695-5705.

[8] Ren Lei, Zhao Li, Hong Sheng, et al. Remaining useful

life prediction for lithium-ion battery: a deep learning ap-



12

R BN s | S R

) 2026 4E

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

proach[ J]. IEEE Access, 2018, 6: 50587-50598.
Thakuri S K, Li Huibo, Ruan Diwang, et al. The RUL
prediction of Li-ion batteries based on adaptive LSTM
[J]. Journal of Dynamics, Monitoring and Diagnostics,
2025, 4(1); 53-64.

Yang Fangfang, Li Weihua, Li Chuan, et al. State-of-

charge estimation of lithium-ion batteries based on gated

recurrent neural network [ J]. Energy, 2019, 175;
66-75.
Song Xiangbao, Yang Fangfang, Wang Dong, et al.

Combined CNN-LSTM network for state-of-charge estima-
tion of lithium-ion batteries[ J]. IEEE Access, 2019, 7.
88894-88902.

Fan Yaxiang, Xiao Fei, Li Chaoran, et al. A novel deep
learning framework for state of health estimation of lithi-
um-ion battery[ J]. Journal of Energy Storage, 2020, 32
101741.

Ren Lei, Dong Jiabao, Wang Xiaokang, et al. A data-
driven auto-CNN-LSTM prediction model for lithium-ion
battery remaining useful life[ J]. IEEE Transactions on
Industrial Informatics, 2021, 17(5) ; 3478-3487.

Liang Haifeng, Yuan Peng, Gao Yajing. Remaining use-
ful life prediction of lithium-ion battery based on CNN-Bi-
LSTM network [ J ].
ment, 2021, 41(10); 213-219. [ @i, =R, &
ffir. HET CNN-Bi-LSTM [ £5 ) B2 5 5 #ls it 80 4 £ 1]
FRan N[ I]. B A Sk A, 2021, 41(10) : 213-
219. ]

Zhu Bo, Liu Xueqin, Wang Y H, et al. SOC prediction

Electric Power Automation Equip-

for lithium-ion batteries based on EMD-LSTM-attention
[J]. Journal of Power Supply, 2026, 24(3) : 242-248.
[l XNEHE, TFH, %, H£F EMD-LSTM-Atten-
tion fY#L B T HL L SOC W[ J]. HL¥RAHR, 2026, 24
(3):242-248. ]

Sherkatghanad Z, Ghazanfari A, Makarenkov V. A self-
attention-based CNN-Bi-LSTM model for accurate state-
of-charge estimation of lithium-ion batteries [ J]. Journal
of Energy Storage, 2024, 88. 111524.

Tang Aihua, Jiang Yihan, Yu Quanqing, et al. A hybrid
neural network model with attention mechanism for state
of health estimation of lithium-ion batteries [ J ]. Journal
of Energy Storage, 2023, 68. 107734.

Wang Zhuqing, Liu Ning, Chen Chilian, et al. Adaptive
self-attention LSTM for RUL prediction of lithium-ion bat-
teries[ J|. Information Sciences, 2023, 635 398-413.

Li Lei, Li Yuanjiang, Mao Runze, et al. Remaining use-
ful life prediction for lithium-ion batteries with a hybrid
model based on TCN-GRU-DNN and dual attention mech-

anism[ J]. IEEE Transactions on Transportation Electrifi-

[20]

[21]

[22]

[23]

[26]

[28]

cation, 2023, 9(3) : 4726-4740.

Li Jie, Kang Longyun, Yue Rui, et al. Lithium-ion bat-
tery SOC estimation method based on the Transformer
[J]. Power Electronics, 2023, 57(7) : 64-66. [ 257,
e =, H&, %. 3T Transformer [ 2 % F H b
SOC At [J]. M TR, 2023, 57(7) : 64~
66. ]

Geng Xinyue, Hu Changhua, Zheng Jianfei, et al. Re-
maining useful life prediction of lithium batteries based on
Transformer under the dual time scales[]]. Aerospace
Control and Application, 2023, 49(4): 119-126. [l
FZH, HEE, WEK, & WAL EE T I F Trans-
former (W4 FL M ) A2 B Ap TN [ 1], ZS W& H AR5
N FH, 2023, 49(4) . 119-126. ]

Gu Xinyu, See K W, Li Penghua, et al. A novel state-
of-health estimation for the lithium-ion battery using a
convolutional neural network and transformer model[ J ].
Energy, 2023, 262 125501.

Jia Chenyu, Tian Yukai, Shi Yuanhao, et al. State of
health prediction of lithium-ion batteries based on bidirec-
tional gated recurrent unit and transformer[ J]. Energy,
2023, 285 129401.

Zhou Kate Qi, Qin Yan, Yuen Chau. Graph neural net-
work-based lithium-ion battery state of health estimation
using partial discharging curve [ J]. Journal of Energy
Storage, 2024, 100. 113502.

Li Long, Yan Xumeng, Zhang Yusheng, et al. Lithium
battery state of charge estimation method based on transfer
learning[ J]. Journal of Xi’an Jiaotong University, 2023,
57(11): 142-150. [ &5, #ILEE, KEEH, 5. R
IR S W/ NRE A B A b s AR S A RO [0 ], W
LA K F AR, 2023, 57(11) : 142-150. ]
Chen Yuan, Li Jiale, Liu Yanzhong, et al. Fusion of
physical model and deep learning for SOC estimation of
lithium-ion batteries [ J ]. Journal of Wuhan University
(Natural Science Edition), 2025, 71(6): 782 -792.
[ Wi, 240k, XIRAE, %, RlE Y IR B R B
SIFEPE A B T il SOC i HF (0], BRIk 2 2% 4R
(FR2ERR) , 2025, 71(6) : 782-792. ]

Yu Tianjian, Zeng Xiaoyan, Feng Enlai, et al. A Joint es-
timation of SOC-SOH for lithium batteries based on LSTM-
Transformer multi-channel feature fusion [ J]. Journal of
Railway Science and Engineering, 2026, 23 (1). 301 -
313. [ TRE|, BRB, MR, 5. JET LSTM-Trans-
former £ 3@ 18 F5 1E il & Y ¥ HL T SOC-SOH B¢ & A 11
[J]. SR 5 TR, 2026, 23(1); 301-313. ]
Pang Songyan, Xiao Chuanliang, Peng Ke, et al. Joint
estimation of lithium-ion battery state based on light gradi-

ent boosting machine [ J]. Automation of Electric Power



% 6

GBI, AE AT IR Y 8 T R A A T S RS 13

[29]

[30]

[31]

[33]

[34]

[36]

[37]

[38]

Systems, 2025, 49(20) : 200-207. [ M &, HiExx,
Wy, G5 SR T AR YU IR T ALY R S
BAMITLI]. ARG AL, 2025, 49(20) : 200-
207. ]

Wu Wentao, Qiao Dongdong, Wang Xueyuan, et al.
Electrical and thermal characteristics of early stage inter-
nal short circuit of lithium-ion batteries based on electro-
chemical mechanism model[ J]. Journal of University of
Shanghai for Science and Technology, 2024, 46(1) ; 10—
20. [ R, &L, BT, 5. T H AL
B F £ e b R AT O VR IE AR SR ()] B
WL TR 2% 4, 2024, 46(1) : 10-20. ]

Kang Sangwan, Tu Hao, Fang Huazhen. BattBee: equiv-
alent circuit modeling and early detection of thermal runa-
way triggered by internal short circuits for lithium-ion bat-
teries[ J]. Applied Energy, 2026, 404. 127016.

Qiu Yishu, Dong Ti, Lin Da, et al. Fault diagnosis for
lithium-ion battery energy storage systems based on local
outlier factor [ J]. Journal of Energy Storage, 2022,
55. 105470.

Zhu Guangying, Sun Tao, Xu Yuwen, et al. Identifica-
tion of internal short-circuit faults in lithium-ion batteries
based on a multi-machine learning fusion[ J]. Batteries,
2023, 9(3): 154.

Li Jinglun, Mao Ziheng, Gu Xin, et al. A quantitative
fault diagnosis method for lithium-ion battery based on
MD-LSTM [ ] ].
Electrification, 2025, 11(1) : 2266-2276.

Chen B R, Kunz M R, Tanim T R, et al. A machine

IEEE Transactions on Transportation

learning framework for early detection of lithium plating
combining multiple physics-based electrochemical signa-
tures [ J ]. 2021, 2

(3): 100352.

Cell Reports Physical Science,

Hu Taiping, Huang Haichao, Zhou Guobing, et al. Ob-
servation of dendrite formation at Li metal-electrolyte in-
terface by a machine-learning enhanced constant potential
framework [ J ]. Nature Communications, 2025, 16:
7379.

Kim S'Y, Kwon S W, Nasir Bashir M, et al. Predicting
dendrite growth in lithium metal batteries through iterative
neural networks and voltage embedding[ J]. NPJ Compu-
tational Materials, 2025, 11 337.

Cai Xue, Zhang Caiping, Chen Jue, et al. Sensorless
battery expansion estimation using electromechanical cou-
pled models and machine learning[ J]. Journal of Energy
Chemistry, 2025, 105 142-157.

Peng Jichang, Zhao Binting, Meng Jinhao, et al. Bound-

ary evolution constrained Seq2Seq framework for lithium-

ion batteries strain state estimation[ J]. Journal of Energy

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Storage, 2026, 146. 120197.

Kumar D, Sharma M K. Early prediction of battery swell-
ing via delta resistance features and optimized machine
learning models to avoid thermal runaway[ J]. Franklin
Open, 2025, 12. 100389.

Hong Jichao, Zhang Huanqin, Xu Xiaoming. Thermal
fault prognosis of lithium-ion batteries in real-world elec-
tric vehicles using self-attention mechanism networks[ J].
Applied Thermal Engineering, 2023, 226 120304.
Naguib M, Chen Junran, Kollmeyer P, et al. Thermal
fault detection of lithium-ion battery packs through an in-
tegrated physics and deep neural network based model
[J]. Communications Engineering, 2025, 4. 79.

Tian Luyu, Dong Chaoyu, Wang Rui, et al. Anti-inter-
ference lithium-ion battery intelligent perception for ther-
mal fault detection and localization[ J]. IET Energy Sys-
tems Integration, 2024, 6(4) : 593-605.

Zhang Jiaqi, Gao Dexin, Cheng Yuanming, et al. A new
method for thermal runaway warning of electric vehicle
charging [ J ]. Measurement Science and Technology,
2024, 35. 126217.

Ding Mutao, Guo Shiwei, Shan Zhilin, et al. Thermal
runaway multi-data fusion detection of lithium battery
based on Transformer neural network [ J]. Fire Science
and Technology, 2024, 43(7): 937-945. [ T ik, 5
A5, Bk, &, LT Transformer 1 25 W 25 19 48 H,
WHRAEZHEM S RN )] BHRESHER,
2024, 43(7) . 937-945. ]

Song Yuhang, Lyu Nawei, Shi Shuang, et al. Safety
warning for lithium-ion batteries by module-space air-
pressure variation under thermal runaway conditions[J].
Journal of Energy Storage, 2022, 56. 105911.

Lyu Nawei, Jin Yang, Miao Shan, et al. Fault warning
and location in battery energy storage systems via venting
acoustic signal[J]. IEEE Journal of Emerging and Select-
ed Topics in Power Electronics, 2023, 11(1): 100-108.
Hou Jidong, Zhu Xiayu, Song Yuhang, et al. Fault
warning and localization for lithium-ion batteries by laser
signals [ J]. Journal of Energy Storage, 2025, 133.
118044.

Guo Xingyu, Song Yuhang, Lyu Nawei, et al. A novel
passive wireless safety early warning technique based on
transient pressurization relief energy harvesting of battery
safety valves[J]. Journal of Energy Storage, 2025, 129;
117394.

Zhan Yichen, Yan Kehuan, Zheng Xianghan. Integrating
transformers into physics-informed neural networks: an

approach to lithium-ion battery state-of-health prognostics

[J]. International Journal of Electrical Power & Energy



14

LN s | S QU )

2026 4F

Systems, 2025, 172, 111173.

[J]. Journal of Energy Storage, 2026, 145. 119894.

[50] Wang Fujin, Zhai Zhi, Zhao Zhibin, et al. Physics-in- [55] Yi Yahui, Xia Chengyu, Feng Chao, et al. Digital twin-
formed neural network for lithium-ion battery degradation long short-term memory ( LSTM ) neural network based
stable modeling and prognosis [ J]. Nature Communica- real-time temperature prediction and degradation model
tions, 2024, 15. 4332. analysis for lithium-ion battery [ J]. Journal of Energy

[51] Deng Weikun, Le Hung, Nguyen K T P, et al. A generic Storage, 2023, 64. 107203.
physics-informed machine learning framework for battery [56] Hu Jincheng, Fu Pengyu, Wei Zhongbao, et al. Early
remaining useful life prediction using small early-stage prediction of lithium-ion battery degradation with a gener-
lifecycle data[ J]. Applied Energy, 2025, 384. 125314. ative pre-trained transformer [ J]. Nature Communica-

[52] Yuan Zhuchen, Pan Yue, Wang Huaibin, et al. Fault tions, 2026, 17. 126.
data generation of lithium ion batteries based on digital [57] Tuncel S, Cinar H, Gucyetmez M, et al. Large language
twin: a case for internal short circuit[ J]. Journal of En- model-based methodology for data-driven health prediction
ergy Storage, 2023, 64. 107113. of Lithium-ion batteries[ J]. Energy Reports, 2025, 13

[53] Ji Chunhui, Jin Guang, Zhang Ran. State of charge esti- 6425-6434.
mation for lithium-ion batteries based on a digital twin hy- [58] Zhang Wenjie, Feng Haohao, Ren Mifeng, et al. LLM-

[54]

brid model[ J]. Energy Reports, 2025, 13, 2174-2185.
Reeta, Bala Anju, Singh M. Smart cloud-integrated bat-
tery management system for real-time state of charge esti-

mation of lithium-ion battery pack in electric vehicles

MSIformer; a method for lithium-ion battery state of
health estimation based on a large language model and
multi-time scale interval transformer[J]. Energy, 2026,

342. 139417.

AI-Driven Lithium-Ion Battery State Estimation and Fault Diagnosis

JIN Yang', ZHANG Xiao', WANG Lei’, HE Zhichao®, LI Xiuyong', LIU Haojie"’

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Beijing Hyper Strong Sci-

ence and Technology Co. , Ltd. , Beijing 100084, China)

Abstract. With the development of large-scale grid energy storage technology, state estimation and fault diagnosis
of lithium-ion batteries were regarded as the core to guarantee the safe and efficient operation of energy storage sys-
tems. To address the prominent bottlenecks of traditional modeling methods, such as significant difficulties in pa-
rameter identification and weak cross-condition generalization ability under complex electrochemical aging mecha-
nisms and dynamic operating conditions, taking the evolution of Al algorithms as the main thread, the application
progress of Al in the estimation of state of charge (SOC) , state of health (SOH) and remaining useful life (RUL)
of lithium-ion batteries was systematically reviewed. The performance differences and limitations of various methods
were critically analyzed. Furthermore, the application potential of Al in the diagnosis, identification and early
warning of typical faults such as internal short circuit, lithium dendrite growth and thermal runaway was analyzed.
Finally, the core challenges confronted by current methods in interpretability, few-shot adaptability, cross-condition
generalization and computational power constraints were systematically summarized, and the development trends of
emerging technologies including physics-informed neural network (PINN) , transfer learning, digital twin and large
language model (LLM) were discussed pertinently, thereby providing a theoretical reference for the research and
development of algorithms for the next-generation highly reliable and strongly generalizable battery management sys-
tems.

Keywords: lithium-ion battery; state estimation; fault diagnosis; thermal runaway warning; artificial intelligence



