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Research on health status and remaining useful life prediction technology for
retired lithium-ion power batteries
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Abstract: Accurately estimating the state of health (SOH) and predicting the remaining useful life (RUL) of retired
lithium-ion power batteries is of great significance for ensuring their operational safety and promoting secondary
utilization. Traditional SOH detection methods are inefficient and lack effective ways for evaluating the value of retired
batteries. Data-driven artificial intelligence methods offer unique advantages in this field. From a practical application
perspective, this paper reviews the latest research progresses in SOH estimation and RUL prediction. First, the methods
for estimating SOH and predicting RUL of lithium-ion batteries are introduced, with a focus on data-driven approaches.
Then, the advantages and disadvantages of different methods are compared. Finally, key issues in current research are
presented, potential solutions are proposed, and future development directions are discussed.
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Fig. 1 Internal mechanism diagram of lithium battery aging
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Fig. 3 Flowchart of indirect prediction of battery RUL

using data-driven methods
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(RIAE 2655 B2 R 00 SO0 B 4 117 ] SE PR VA o IR Ah,
B L 2 e g A2 5 H AR T VR A 455 64T RUL
e,
3.2.2 FET IS [P A1 1 7792

FF WA FH ) RUL Bl 53k, HIEE
(autoregressive, AR K HARARN H f N 72 - HL
MR IR IR VRN, T AR BAURZRVER), [RUL
B2 AR B I AE 2 M AR R Bl 5 oAl BRI
itk ZaBEHITHERIAREEZ AR A
(B AR —. SCRR[S9TERXT NASA Hith 4R+
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HEMAEEHAEINSR, FHAREA 1T (empirical
mode decomposition, EMD)¥4 Jii 45 SOH 73 il N L4
AR AR BRREFAEEZ A, 2l HZE
GG B AR T AR, B SRR
T8 S s SOH T,  FF 445 2] RUL (1)
THAE, FEMES R AE K0 15 MEM, MAPE £
N 9.94%. SCHR[601FI ] PF SLikER bR Bs 1 st 25
B NEEFE, ZIE AR BRI RRRETTRE S HUOU
A, 357 AR BRI WK &, RUL il 2 &
RMSE /NF2F 0.018 48, AR 570 % HLAF A 5 2% (1)
FRERREMR. 1MEED. SHb, HRBEK
#H AR AU DL EH o R AR G R,
[R] b JHG T ARS 2 AN T 2 i 4 22 o
3.23 BT NLEREM T

N T ReT7 15 B A K AR 2 40 & fe J1 Al
RIBEHE IS S B RBe T, R TR AN s
HIVELEAS IS TI0M vt 75 B () 308, oA S F It 5
BALEE, A& H ATz R il RUL T 77k 2
—o AN FEHEE N AN LA TR GE T
Hiyth RUL 5%

1) ANN & HAR 4

ANN & —FABEA7 A= 4 4 28 ) 28 485 46 AN 1)) RE )
e, HT R O R G . /£ ANN
M5l b, ATARH T AP ZE M 4% (recursive neural
network, RNN). K J il {Z# 4 M %% (long short-
term memory, LSTM). ¥ & #1428 /X 4% (deep neural
network, DNN) Fl #% [E %= >J Ml (extreme learning
machine, ELM)%5 2 Fpdoit 8% . SCHR[61142H 1 —
FREEVR FE 5 I HESR N 2 1%00 )2 138 At 22 X 2%
THEM RUL 77325, RIS Th0 0T H vt 2 At A% A 78 i e T
BLIANT E YR R R TRIPERE, 7EVI 2689
LR BTGNS 78R A5 a2 3.8% i
N, X6 = oA b AT PRk A H il RUL i g
7 RE /N F25F 7.20% . LSTM 2 N k— 1) RNN
AFAE I A A0 1) 3 S T SR 1, 3 FH T B A
RUL HJKIAFM . SCHER[62]LL LSTM HEAL A JEA:,
WMANNHAER. BIE. RV A N 2 A8 & N
B, W ONTINA S, WE T MRS E
FITIMIAESE, 78R H 2 45055 5, MERm
BEPEER TN T AR =, R 30%0)1E
WHAR A T UM, #ll MAPE /NT55T
2.88%. SCHR[631FIA 11 ANMRFE(E, Fotilid—A
A5 5 ANERGEZ 1) DNN Tl 25 &, Bz
M BN 7 —MEE 65 MNEZM DNN, HT
I RUL, HTEAEH-MEE, Kt EEM L
FE4E N T ARG I 28 MR FE IS N, AR Tl 28 SR % B

B, RE/NTET 7.63%, £33 WK —F
J5i% . ELM 2 —Fl ey i it 4 8 9 28 & J 1 R FA) B
%, AR SHIIE A BENLE, (HUIZRE T/,
SEOJTEFEN, ZALRE IR SCHR[64] AR E i H
JE DX TR BT[] SO RSP AE i FE RSP 3
TR B A BT 2R A B o sl RS H8 AR, &
HARHE TR S, BN ELM SR 0] s 25
BT, ERN 70 MERBIEIELE T,
RUL Pl 45 5 RE /NT4T 3.23%. ELM /74545 %)
MRl i RS EIaa b LT 5 22
P TUTUAR MBS, 25 5 H RS BE BRI S 1 S 2
o, PRk, s SsAR TR SR . TR
AL EZE, EIZadfEdxt ELM B8 f#E 250
BEAT AL, A FIN B335 )50 o e s g L6403,

2) ZFrI = AL (support vector machine, SVM) X
SZFEIA & [7] 5 (support vector regression, SVR)

SVM & — M H T ZJur RRplas 5 2 5k, 4
FLNEFH 04 18003 23 B B A B D S ) & (R
SVR. Lt ANN, SVM A% 5 N sl s AL i,
FLIE & /EEAINZR, SCik[66] 5681 SVM Sidkxt
FE IR AT R 232, BRI BOL R %) (1) L b A
SVR SRS Al T RUL; 2 SRR XA E T T 2 Fh
W37 S BN, LA 5 P A [R] 7 L R AN
1 FEU R A R A N RIS AIE B — F I 2RI DL
KASRRE T 1847 b I ZRIGAIE , 1F B %43 2 [ )
TR B R @ N, (H TR A
RMSE K4 0.8681, 5 K RE 4 10.75%. SCHA[67]
JE I SR EAE 7o R ZE A TR (R B . SR R 2
(RIS [B] (B B AE A RFAEAE, 45 A RFAIE M) S R A 2
Hn L LA D YN SRS A R &, 78 P iR 22 SR AR KR
ARG R, 35 T SVR REAY (I 2 A TR 2%
(%1 30%).

3) A% A & Al (relevance vector machine, RVM)

RVM & —Fft Fl T[] U= R0 43 28 1) DL - 307 s i A%
Jrik, BE R TEAE, KIABINEE R E. M
Lt SVM, RVM it A] DASREMER T, F¢ HAEAHIE
W~ RVM 75 2L U1 R (B B 4D . SCHR[68]7E 1C
B2k CAREURFAEAE, Ik AR S o T 07 38 5 15 21 PR
AMEREFR T, A I AL RVM A% R 5
Z40, RUL ZIHHNGET 60%%EHE H TIIZ5)MAE A
it 0.0118, RE it 5.45%, KIIHMHT 30%%
T IIZ)MAE At 0.0128, RE AN 7.29%.
SCHR[691FIF 2 MZ BB R M2 & i/ RVML X Y
1 SOH Ik IFUL & B8 7, FFid kiR A
WAZRESHL, $em 7 KSR, 7ELL 40 MBI N
AT TR, FSE R RE AT 2.90%, #H
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b B BV 5.90%F B E IR T,
3.3 & A

N T RANRE—BEEE R A R, RS KIE
B FAE RIS TR s, DA 15 21 B0 R 1 1 TR &5
SRUOL g Y b4 732 BN RUL T A % a3
RLA 7RI NP RS AR SR IX A 7 VR s
PR AN R 2 AP SR B 7 VR
3.3.1 BEA SR IR B k& 5 ik

4 R0 P A TR R R A 2 R R e R LB S
B NS IS TR A N RRIEE, 5 5dE K T
VAT S A A O TN L e T VR S
PRSIV

TERLG T7, TR AR S AR TRER
SR e BTN A TR, B Ja N E S
A FRLYL R SEEL T B ) e B Th g . B 4 MR
4 RUL T 5 A R B, — AN 2 & Rl
T 53] DR B BT A TR, T DU
TR, MEG TR AR AR, AT AR
VERLTY 5504 IR Bh il 77 1

e WA AL
| FOAWEE )
B | CRmtEn (géleEMD; E
il RRATE |
e i pca) ) |
‘ N g i
A L2

R Al

§ e O
i -vﬁv&ﬁ‘/f » :
(GPR. ANNZ%) | (pso. wGo%) )/
s
v
e

B 4 BEFERRUREE

Fig. 4 Modular schematic of fusion methods

JiR 0 H5040 W] DL 28 ek T . ) 9 Ak B AT B )
I 7 25 52 7 2 B LA A AR R RHEE P 21,
A AR 0I5 S0 T N Bk e 3 i
[ERE, TN B0 s P Tl 470t m DLt e B
TEACBE S, AR 9 IR i N [ T gk AT I AR

SCHER[68]H 4 1 % (Gaussian filter, GF)Jik
55 7RIS, $Em 7 BRI TNRE R, AR,
HAre E MR TR G ik, SCR[72] 2K 5 —
e 37 Fr ) Ml (least squares support vector machine,
LSSVM) (1) % Hi B AE 2y Jc 328 Fr - 31 I 5032 140 0 0l
B, [EESEH LSSVM WS4, 20840
HEF, M%7 LSSVM BT &K Tl i1
SR P 1O I RUL Tl ks i B, &0

ANFEEHE R LS, T ZE R K RMSE At
0.0876, ESRKHATIN RE 75#85d 10%, {HZfE Dk
TRl LSSVM 5E A TeiFat AT K T v 1) . S
BR[ 7311 38 N UKF S 3 R0 75 i 5 25 A0 i
W i I 7 22 1) T N B R R R R s
[, KA SVR SLILZ B W, Hidd S8 e s
T SVR Sk TR .

3.3.2 HR IR Eh kG ik

B —HR KB AR A — R R R,
DAL B At 75 AZH & PR SRR LB Bk 50 1) 7
%, TCASGE B — AR R BR P . FESERRIIE AT TAE A,
1R BB — 57k, Ry STk s Sk 3 7 72
Hj#ik?ﬁ%%ﬁ)‘(i E‘J%*?ﬂ% [47-48,58-60,64-65,67-69,73] .
AR R BRI 738, AR IR ik
VR FH BB 20 Ao 225 B A B R 7 V52800 1

YRl TR A SR T R SR SR
R, A] DL AR E B SRS Bl A 7 TN
M AL RS 73 mT DU 75 SRaE FErE i in— e 2 A4
P b ER 775, HnT DUE AR NS 47 Ab B,
HPGH M ABA . (559 T DO R a6 s
R R AN, K R R A
BRI WA/ H 7 AT DL T
165 TN AR SV R U REAEAE, 0] DA T 458
BRAEDY, e Bt . BRI, RATLLA
%P7 iR U AR, 5 e 2 R 4 SR A ) B
T AR A A R AR R R p 2 2L, e, TR
IR RO E B SR WS, FahiisR
M, DORLFRAARAC AR AL B T LRI ol
FErp S SO A 7R 45104,

HR[74]0 5T T EMD. GPR 1 LSTM 7EA[A]
HA TN TR 7 RUL O dERE, o
EMD H T fiR)5iaa 25 E&5d%, GPR Retife 2R
BB B FE AL AR BB R A 1 e
LSTM U Af DASEI 25 S 3 R A BA T, oY
BB FIAN [R) 2H 45 77 20T B e e SR gk 2
Fiw, FERBGH T BRI, W& 2 7]
DUEH, MR —5E, EEmmmamE, o
HZE LSTM + GPR + EMD J7¥2:, 745 HY T AN 1
()[R B TSRS BETE S Rl vk b IR R s i, ek
RE AL 3.26%. 1M CHR[75]145 4 7 CNN fil LSTM
AL s, HARH R A E W2 RS A CNN
JER—A LSTM =, HH CNN ZHF#248 £ds
B RRE(S 2, LSTM J2 SEBL 2 f B8k it 4 101 7
W, T AE /NFET 6 MEH, A, EFH
R AR ENAL T RIANEAR M ORI A4, STk
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(7614 223 2 Rk S PR 23 BT (0 i B IAL T4\ ELM
Hr, ARIHUN ARG, R ELM )% L
RIS RVM HIRIG A E RIS, FFdnki it
AT AL RVM AT ELM (1925 ARR = 70
fE, FETUNA M58 60 NMEFA(FTILE Hl EOL
NE 268 NMEMIIEHLS, SR RE N FEET
7.81%. SCHR[ 7718 X 8t A IR LAz 5t AR
#B 0 AL 8] 5 (locally  weighted scatterplot smoothing,
LOWESS )X it F Hs 2408 PRIk 2K B 73 EAT B AL, LA
A EHEAE )y LSTM A8 N SEI ks 2 RUL 13
W, RE ANEEE 9.45%, ~F# RE U4 3.30%.
%2 FRIEEEAHFRAREEIEFRLE ™
Table 2 Comparison of accuracy in various algorithm

fusion methods!"¥

MRk RMSE

GPR 0.1826

LSTM 0.0049

GPR + EMD 0.0036
LSTM + EMD 0.0034
LSTM + GPR + EMD 0.0032

IR, SRR 2 (1 78 3% T 4R 5573 RUL Fil
BOERRERAETST, iER RS MBI MM
B CIAE RUL PN ATUE0Z T 52 2172 %3 STk
[8014& H T —FFE T Transformer HELL 1) 45 &AL 5 1
e W BHE A 2] 71 R T RUL T, %05 R AE R 3
HB R ERE 5 R Im R, FR8s T
SEPL T RUFREE N, RN F IR SR SR L,
RUL fili i BB KA X 1R Z A 6.98%,

IR AT R 78 A B A SR B b S AT IR
AR FEth RUL PO 4us e ) A ik, o il 7 il
DU B I A 87 FH 3% 5538 B 7 TH ) R B €6
3.4 BRI RUL FUNFERMMAR L RAE

3.1—3.3 5% H AT &2 1 RUL Fii 75 v 134T
TV AT, 3R 3 G T RS BN R P g v
B FRNHRG BE R HAR SR 5 . KEEE4E kR d, RMSE Al
MAE s B Tl 25 2 3 g it 2 5 S B i =
WRAHER T &R, 11 RE. AE ALK MAPE Il B4
St RUL TR 45 5 v v o ] 35040 Sk A A 3
BEER > FRAR, 3 3 TR SRR E SR AR A A
DR STk A R HENN T R . AT 32 20 H AT
RUL T 78 U A7 7 1 g BR 14, 4 R ok T R
MR RETT 1) o

1) BT RUL Tl Fir, 280 7 LSRR
RS, HEERZ AR & R Rt — P Ik .

PNEZ AL e e RN | I At i)
FEAR E A T IRAR B T i BE A,

135 [ NASA £ #s 4L F1 5 B 2% K %% CALCE £ 4 4k
A BIF 5 38 0 L S I VR AT I A N 1) 22
o ZEH XTI B IR SR S 215 2 1 S0k
AE SR S I 0 TR0 R SR R A R, e Al
NASA LM NINGEIE I H L. NASA Hdidk
DRI TR (e sy AL 5 2 1H,  KER 4> fit A 200
KA PREIR, 45 H sl &R sh ) #ith
BARGEMRKMZER. MEZ N, B HdEith
WEHTEZ L MERIES Hdr. Bk, @2
HTBE SRR 4k TP, BT A S A 1 T P
HOE-E/7E

BEAk,  HEb IR SEBR Tl 2 bl SIS B A 1 T
HREZ, EERNER T, XEE R
KR RES R AR 7835 BT 22 Hh 2% 7E 5K
BRIz AT 1 FLIB 2R G0 P B8 AIE T 28 ST AR () T 25 R

K2 HOCHRITH S8 A4, vk
PRI LA I F 3 55 v it A 784 -5 e b 47 03000 e
(PGP, I HASH o — 2 e I G Asi B A7 A 3
A RENE

2) WAl R SR AR L ULAE B — A AR A AR R
(e o) f . ZE LR TN J7 v mT A S I E £RIB AT
s b ¥z 88 H T RUL B0 A4 AEAE - 2800, 55
LRI N 37 5, ane] v DR Hb 3R AR BT 75 R AR (R
I TRRNIFT, XX B v T 5 % 2 S EE

3) HATZ %< T RUL i (o 7 3 533 By
(RS B, oF T~ By G F0 ) BT s (1 2 s e >
R SR, BVEIHFEM S ) BRI T BRE R,
IR N 52 3] JE A% IR B A . 2 RUL TR 35 KM 186 i s
RIS AP kR EA R, 7ES2brR 2 AT
sz BRI, AR FE RN sEXT RUL Tl &2
BRI L -

4) R ZH4 H it RUL FAF 72 AN - F BMS
R A BTE NGRS )7 it SOH $2 v A VA
IR PR E . HAT, BERAES IR
K 1 PR, B R A AT KB B R A% LA R
IR P8 7 it RUL A2 VT FL AR A8 1) 32 BL R HR
{ER A0 7 DA H PRI T A DG 7. — 0N
N, BRI IR AR ME 2 SOH PR 80%, I
ERRRA MR, % SOH KR AT Lt — 5%
ik, X% RUL FAE AL EE 7 Pk — 5, X7
DR R B2 B T2 L o v R, R B RAAE
TR 1 FL s SOH Uk CRFr B4 IR 2 5 o3 — 7
T, CE PR ARY )3 o P 8 o e R, IR A%l
RS L, AR EARS 8 B i
ZE 5t N I TH R A RUL P57 2 AN s b
(17, BRIUETF R AT AR 2 S8 4% 3l ) it A 2%
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Table 3 Comparison of predictive accuracy in various battery RUL prediction algorithms
ik L - N 5%
HAxJ51 LA 4 AT (735
P HAAT7ik K AR AR Hidh e ik it {7
MAE<0.0384, RE<12.31% (% \ 80 IMEHF),
PF B RE<6.15% (i A\ 100 M) CALCE 7 e LA ST
- - RE<2.52%, AE<I3 (FMi2s5: 350 NMEIR, CALCE [49] Al | T RUL F5,
- KBRAF T2 550 AMEF) b1 HEL AL
R ' RMSE<C0.036 89, RE<4.60%(i \ 40 IMEHF); LR
AR
7 KF RR3HE RMSE<0.021 89, RE<2.40%(ii\ 70 IMEH) NASA (48]
LS AE = 12 ME, RE=7.06% (FHE s :
3 LR 80 MEHF): P . .
i B+ pF AE=5 MESF, RE = 5.56% (HUI i HlA 0] ﬁ;gg‘“ﬁ
% | pm 160 MEFE) RS | %"‘”
B BT e = [ B | o
— " [51] UREME A E
A + PF Btk I
BB TR + AE<10, (FAZA: 1000 MG, s e =] [52] o
PF Bk SEBRF AT 2400 MEIR) H 4
RMSE<0.0175, AE<10 (FiMI#E£: 60 MG,
S2BR RUL 29 70 MG3): N
GPR 23t AES 1 AMEERCIRIE A 100 1R3F, NASA R T s
5 e g TEMER | BSEIRE
‘ 22k S¢Pr RUL £ 30 M) o
%Hj RMSE<0.0117, MAPE<0.67% NASA [54]
e (BT 60% B IEA L 5)
MAE<0.0132 NASA [56] oy | VEATAEL
WP i H AR %% G ﬁgﬁf 1 e
- M (571 ¢ DaliE e
o RMSE<0.0504, AE<15 Mfi%, MAPE NASA 59 | e
R ARt 4% 9.94% B
gﬁ RMSE<0.018 48 CALCE wop | T
HiX
i A=
Zl) fifii RMSE<00.024 , #1167 RE<7.20% s -
i ANN LA FEAT 3.8 %) Mf‘;%i@a (o1l
% HEEST |
ANN ZZK(LSTM) MAPE<2.88% (Fii 30%¥EE A I Z4E) NASA (621 | ey, BRZ AN E
ANN ZE{£(DNN) RE<7.63% NASA [63] Bk jﬁ”“z’
e (LR S PN
AT | ANN ZE{R(ELM) RMSE<0.0082, RE<3.23%(fi\ 70 M) NASA [64] R
B RMSE<0.0097 (i A 50 MEH);
ANN Z{K(ELM) RMSE<0.0043 (%I \ 70 MEH) NASA [64-63]
RMSE<0.8681, RE<10.75% NASA 66 B A
[66] TG iﬁ;i@?ﬁ
SVM/SVR RMSE<0.0151, RE<7.55% NASA,CALCE | [67] R < REZ,
RMSE<0.0351, RE<2.90% NASA (6] AR &_@j&ﬁ%
(R & 40 AE5F) BX
MAE<0.0128, RE<7.29% (7] 30%¥#&
¥ SRR B
Bl RVM + GF EANGER): CALCE (o8] | PEREUE
IKE + MAE<0.0118, RE<5.45% (B 30%%# IXE 759
A (EES) K
KF A5 {A%54 SVR | RMSE<00.036 89, RE<<4.60% (4 A\ 40 IMEHF) NASA [73]
il .
- LSTM + GPR RMSE<0.0032, RE<3.26% NASA, CALCE | [74] -
Ji LSTM + CNN AE<6 MR NASA, CALCE | [75] M B A 2
= RE<7.81% (Bl . 60 M) ey NG
iéﬁf ELMFRVM RE<4.55% (FUAZ 21: 80 AMEFF) NASA, CALCE | T7¢] P,
o v S A AR =
LOWESS + LSTM | RE<9.45%, “F#J RE } 3.30%(f{ ] 20%%L4R) tF{ii&j}if“ 771 | = e
RS RE<6.98% NASA, CALCE, [80]

e CE
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(1) RUL T B 2 b A7 1, ANELSRSLHE, JF 2T
PUEE BMS S /ETRI M8, XM, TR IR
FIFH ) RUL TG0, 7T DICR A S N R 4 Bk

5) IRHEF AR B AE,  H RT3 wE H it
TR DA N R A et R = e st T IE
AT RIANE], P52 E e e e e ) 3 B
AV RVREAE B F it 52 IR AR AR R AR 22 e R
TER—HARBE T, AR R S sy P
FA AR FRIREMEIANE, FIFE S PrE Lk 2
S, 16 RUL Sy i 3E S 1 BhR .
XX — ik, Aok RUL T2 8 AT DU AR 2%
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