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Abstract: Accurately predicting the remaining useful life (RUL) of lithium-ion batteriesis critical to the safe and
reliable operation of new energy vehicles. First, the research status of data-driven methods for predicting the RUL of
lithium-ion batteries is analyzed in this paper, and the research progress in six commonly used data-driven methods is
reviewed. Then, three problems existing in the practical applications of RUL prediction of lithium-ion batteries at
present are summarized. At the same time, the issue of battery dataset collection is discussed comprehensively, and the
importance of battery datasets to the development of data-driven methods is also elaborated upon. Finaly, the

development trend in the future is prospected.

Keywords: Lithium-ion battery; remaining useful life (RUL) prediction; capacity regeneration; battery dataset

ULAESR, N T RO G RE TR AR AR R A ) F ] 29 T R 3 A R % ] 77 i RUL(remaining

W, AT T AR R RS Tz useful life)t A, S U AT AR
. IR , 8 T e AT P R R %ﬁ%‘ﬁﬂ‘?&%—/ﬁ#”‘“ﬂ@ﬁﬂﬂﬁ/vL“] fET

YRR NN I A 278, TEshAS RS AR

Yrfs HEA: 2022-11-24; 1&[E HHH : 2023-03-10, 2023-04-10; ¢ g RV 577 A [ o e o L b -
REBHA: 2023-05-15; MK E % BHA: 2023-06-14 ’

EQWE : {5 F AR IS VU Fl (11504386): gy o 1 VLR SRR . B ORI i R AL

H SRR 4 W B F (LY 19A040006) A, Jﬂﬁﬂfiﬂ“ REAS T H b IE | SRR f
This work is supported by National Natural Science Foun- FIRAE T RE, SRR AR, 220 8N

dation qf China un_t.jer the grz_ant 11504356, Natural Science %*E/ﬁ?/'\ %l] POBEL I . BRI T FL st [ i 5
Foundation of Zhejiang Province under the grant LY 19A0

Tooos e S AT NI T W R



254 i, b

E 4 95 23%:

FEAK. SERTRRZE i, SN S8 i i A
WA R, B S RIS, I, e
T AR B e R R (ol R X R AT AR
BATEREE,

P T4 5 1 F U PR A LB A &2 e, T
HAARRENE, [FEF, 5HMERR AR
RN ZE RN S5, ORISR G s 4
DL, XN T Ay N AMERE . SR, HLHLA Y
THIN XS H R e T SR A T AR R 4y E 2, [
AR Z2 2 WA T B9,

H A, S TR SRSl Y 7 i 24 s i RUL
TR AR, X A5 a8 T AF R TR e T g
AL B PR o B IK S i T H i RUL Y
PRI R G2 AR T Re e 12 vk
(1) S B R 2 AR P R et g s 5 AR S Ao 5H T
TR AR TS0 o s Y RUL,  [R)I FR/F v R A
B2 G rh s ) ekt i H G/ A 2R
SRR BRI, %07k 2R T BT
L G E S I EER, SRR IIAR ) K
WHPE RS B (AN R . L . TR L A
i, SR SR ) AT AT AN I g, R BOC
HERALEE, RE RN TR, MR K
N rh 2 > PR RE AR R A, T FL b MR
SRR 3 F5 i 22 (R0 O ZRARRY DT T 8 1
FL Y RUL

Rifi 5 B SR Bl R AW R, A A
RS, AR N RIE S

1 RUL #E&FETEHIEIRZIA RUL
T HE SR

PR TR RUL S5 A A A S AR
S REUN 2 R B T B2 B (O R U 7
S R SN OBl e fEfobe | W 2 S e R
PN BTS2 P S T e o A T LA A o, Sk BB o
S ECR L PN BT, AT e v ) i S A
FhE R, LAY T 2 B TR PR UCR A1

T T R4, 352 PRI Sy oLt PR P LA 27 S 7 2 3K
TSR Z 18] 0 S L P A i R AR A BRIEZ AT, Y
TEA B Z 0], B M RERE A A7 1) L 23 7 ok
/b X R faf HUIRES SOC(state-of -charge) 23 %
VTR, P, RS LT Y i e R R 2
PRI 2R 38 I, T 3 20 A R i e 24 S50 3 1) )
RAF AR, B, LR s AT
NGRS A, @ RUL $84R A0 SE
U R0 TP A7 F St R PR 00 X FEL St 2 47 A B 6 e
WERKLHLE,

SEFHARIK SN RUL BUMFESL AN 1 B,
RUL FOIUHESLH LA 3 DHrBeddil: 25 1 4Bk
SERRIE I B, FEASEEE R . BRIk
Bl b AR . BART R, B e
T A2 SR A 2 AR Y P S B, SRS RER
LRBHR AT, s AN H—fk. K
TEFRE, fefo TR B S 8 vh e 2 5 F it 7
AAHOCRYRAE , BN b IR B . RS . ik
AR, 55 2 BrBHE RUL WA B, £
AR | SRk R OCRYIC B A . X B
MR 55 ARG T e R, Gl ML= >
SR g ST — TN, SR R D sk S X A
RUHEATINGR, IRARAI S A, 4 v T o ok
S5 oA D a5 R A [ K A0 A g i AR AR 1
WRE AR EME . S 3 BrBoZ RUL FINF BL. 1%
W B AT 55 o AR A0 F e 2 IR, K 2 A 2 Y
RS A i AT ST AR, S A 3
R 3 4 fet FH A4

Bl 1 dig/R T RUL T &6 S fn a2,
FOP By RUL J2 HA It SR AR 5 i, PRUL 2 Tt
14 L Yt 8 4 54 . PRUL 5 RUL 22 JH) ) 22 {H 2 X
i RUL il 5 2% .

WAL, B aK sy v i & A v RE R bR (a1
#1525 RMSE (root mean square error) . V- 3444 %)
122 MAPE (mean absolute percentage error)5%)
Fe LA FRITOA AR (M RE . RMSE. MAPE 91
BN, N B ISR T



L, AR ST RIR KN ) B R L T R A A i T 25

4
N
1]
a1

T Rt A S B A B
2 A-hify 1865055 FREH HL it

RUL T S35 )

1o

e e R IPLEESITTEN
B 2R AT

PERUR A B HUE, LI,
W, W, AR, B

l

\
\

\

I

i
HORBAL I RSeS|
S, B SAIES ||
\

\

\

|

|

|

|

l

BRI A PRI

|

|

|

|

|

i

SRS B B Wex) b |
= I
|

|

|

|

|

|

i \
: RULTH 45 5 }
| 20 |
I — g | |
Ioor === WAL | |
stk !
I \
217k !
| \
1S 6k \
|56 }
I %5k

I ®1s \
I

I

LA Jeaifii72%

13

PRUL!!
12 1 1 11 1
0

50 100 150 200
(NS

‘ RULT | #=PRUL-RUL

BERIPEREPFAl - 4 X 102
HTIMIRTE, FHRTIRIER

BRVMRBIRIE : ZEATR] Y
Rt E R AR EaiE

B 1 EFHIRERZE RUL FNHESR
Fig. 1 Framework for data-driven RUL prediction
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Fig. 2 Methodsfor RUL prediction of lithium-ion batteries
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Tab. 3 Comparative analysis of RUL prediction models using fusion method
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