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Abstract: The state-of-charge (SOC) is key to the safe operation and energy management of electric vehicles. The
traditional SOC estimation algorithm based on Kalman filter and recurrent neural network requires a period of data to
ensure the convergence of estimation results and cannot accurately estimate the SOC value near the starting point. A
convolutional neural network SOC estimation method using U-Net structure is proposed, which can deal with
variable-length input data and output the equal-length SOC estimation results. Meanwhile, it can also accurately
estimate SOC at the starting point. In addition, a full-variance loss function is put forward, which can improve the
estimation stability only by optimizing the loss function without increasing the model complexity and significantly
reduce the maximum error. This model is trained with dynamic driving cycle data under five constant-temperature
conditions, and the SOC estimation results are highly accurate under both the constant-temperature and variable-temperature

N conditions. Under the constant-temperature condition, the
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mean absolute error (MAE) and root mean square error
(RMSE) of SOC estimation were within 1.1% and 1.4%,
respectively. Under the variable-temperature condition, the

i 0 o .
This work is supported by Scientific Research Project of China MAE and RMSE were within 1.5% and 1.8%, respectively.

Academy of Railway Sciences Co., Ltd. under the grant 2020 Keywords: State-of-charge (SOC); U-Net structure;
Y1202 convolutional neural network; SOC estimation



5573

BN, 2. JET U-Net Z5 M9 M 4542 1 ra it SOC A% 305

Bl 2 3R AR AT R A S kT, RS
ORI ZE ST e P SR B R, I SR
BBEIIRA AR B T Ky T ey i A
HABLD) TARE, i . ek, Rem e
B BTSN, TR T sk e,
ST W e PR L T AR Ay BLRR RO A fE A3
FiC , HL B0 R 4= F e 8 B R 58 BMIS(battery mana-
gement system )X HL L AT W A4 4 DA, Ha v
A1 LIRS SOC(state-of-charge)/&: BMS Wi B
IS, HERRRY SOC Al5a AT LASE & B iy 2 4k |
Bij 1k S ST . PR AT R AR, Jf o AR AR
JEPI, B, SOC Jok Bl it H B A RS AYIEL
PERY, TR e e b 4 FE SR B R IR i P b Y
SOC, PRI Ry SOC Al FLE BMS A% R
ZAEK, MZEHEXTHM SOC WIS HITEH#ST T
58, P2 RARE T —80ArT . SRREE, Xt
IPEAT LI 4 28 AR . PR HL R | 2
TAAIAR SR % . B ER ik . o iR ok sl ik
WM RGEEE | DRFEEAL, AZ BRI r N ER
P, TR AR EE AR ) BB SC &R, HEN Tl
RO, SR e IR B 2 DY BELAR
RO S R LTSS O R S A
2 R Y AR F AR RO AL, TR S AR T
ESR A TN REE, ARMEIMEE .

Bifi & N\ T 22 9 4% NN(neural networks)F) &
JR, WREERE AR AL b AT AR 2] T Y Sik4
PR I A L, TR EE 27 >0 AT LA IR 22 (1Y B
FRAE, TR AR A B 7 . Dong 2V TR
BP(back propagation ) 25 [ 45 JE T HL b A HL | FE
AR EE TN SOC , (BT H 9531 1 1H i HL IE L
FRAERPE ;s Xu MR P Bl HLBOR 22 9 4%
SFNN(stochastic fuzzy neural network )fCHEs X M=
By A UE AR T 1% G 0 28 X 2 0F L T i AT AR 2
PSR, SITRMAE A EML, fam
LRI R AR, BB EIR R . O T TR
— (IR, — Sl R 2 2 5 A AR BE T AR
4. Zhang ZE"YE BP M4 2 S5 5| AT R Tk
W AE, P T A RS E 1 s Charkhgard 251

W2 M2 5 RRSURBAIZE G, Fm T AN
JEo REM MY, Kol b H b2 W 4
RNN(recurrent neural networks)fE SOC 1% J5 i H.
A RENH, BEATUAAE | A ERELT, BT
B[ 7 s B T 8 A B R i e
TEERE PSR By, JoikiERifhi: SoC, HAF
FEIM S 72, Fe s o i A rh, R T
ZEF A B A B A R SOC, EM RNN
i, AR B AR E , IR SR SRR Y
Be) SOC fhifa g i, an iR IA T SOC WA,
RNN 75 2 — B[R] g ke AL B 2 SRl 8, fife
f L P TR BIRG BE oK 2 0 N K B B T R 5%
RIFHFNESR, DL RPEULAFIARSE, X2 mmxt
LS BB BORAS 1 73 0o TR, X SE 2 iy 4>
B, A A SR B R e E, JF A
it S e v el T ) A BE 20 5 1 il i b i
it BB BE AR ] o G SRAN S 8880 Lo I 2R B B
K, WITFEEEE, Rz, MITCHAE HIZREm)
B SOC,

R TR AR, ARSCHRE T 1 T Al
TP 22 M 2% CNN(convolutional neural network )
SOC k. Zyikyith SOC K ki A%k
P BEARIA], TCHRFR R 22 I 25 IS ST 72, BB IR
PR R R HEAT SOC AR, i i 45 AP A i (B2
FEE G ROBOR R . Ah, 2T AU S
R W E8 254, RO 1 BRI B2, AT LA
S IR ARG 383 R A P A8 B 1) AR i o Ay
TR SOC ARG IRk, A SCHERI2%
BN G B rpasin 1 4728 o P 2k eR AU AR A
¥, TEAHEIRALZ 8 BE RO O0 T, 4 9 45 i i
MRS E T

1 EF CNN /) SOC fHE MK

1.1 {EH CNN {4 & SOC HIzh#l

ST LML) SOC Al 35y 123 5 (o H b
BRI . FE S R BE AR R el I 26 % A, SOC
YERMZ R o A T RIS HER A B EE R, fhes



306 i, b

E 4 $23 %

PO 4% XoF i A\ B AR BE A — i R R
AR, MESREARE RN e TR, X
SOC %5 5 2 T LUk H

Veem = S Keais Xz X)) (1)
Krh: ., Hhk+m B ZH) SOC 5458
X, =[I, V, T, HHAESE, R, BEmmiR
BEs m NG BT A B, 54
TR G WK m BN, W AR e PR, Al m
R, W KB, I, ASREMERA AL T
GRS SOC,

R T AGSRRE AN LB N T A AR SOC, #2 1 M
B BRI BL ) SOC Bk, &Ik igA
IR &/ (ESE TN T R S g TR A RSy i
SOC, HHAEAXN

st Visasts s Viem 1 = Kits Kot X)) (2)

AR ST FH A5 AR5 R o A 268 0 2% ] T ARAS
SR, It — U AR A TN B AR Y
SOC, Wik S5 )y it tban&l 1 s, 2
P AR B B AR, (R Tas i 225, B
F S AT TC IR SR 45 S5 B ) SOC, BIE 1 (a)

HY L)
_ - — — .
X L] i__! Fac X7 M N
L (I~ X L | )2
M : | R : :
H | I_i %S H I
: | H & | ]
x, ] ) N ]
m-1 || A RV | -
xm > I
W, [—L > []5 ] u
Xyt | | ] | H
Voo 4 i H u
Xn-1 : : -i;/r 1 Xn-1 || : -ﬁnfl
X [ L1 x, L] L
(a) BHla BB Z = (b) Bt B2 B Be

B1 2#AREK SOC hitHAE
Fig. 1 Two different SOC estimation methods
1.2 U-Net Z& 4544
ARSI T U-Net 25K ()5 B 28 ) 4%
AT TR SOC {5, U-Net 454 J0 T 224
BURZE ) 2 0 4 2 A A T LA B 4,

TR R 2 R S BT 55 (5 SR BSIR
S35 H BT PG TRE PR 42, T U-Net ] L
G B AR MG R S AT A0 ST, TG S B
i X, BRUE R ONN LD, Bk
SHGTI R AN, —EE BT LA
F,=(I+K),=Y K1, 3)

K. FORFRAEBUR, RHEBUZENL; o NEF
TEWLR RS 1 SR K WERUL; b R
ANEGS

U-Net Z5#8 4512 b FH T8 SO #Im i, Hb
NS HEEUR, $ AT R MR R ST
Ffts5 . %X —BE, A3k T H T SOC
ALY U-Net /2, g A B > — 4 i i )
Bl , AR A EIAESS, B SOC fl%., A
X FTER S AG R R IEAT T — RGN, DI
AR S5 RA S FIARE 7R - SOC SR 24 i 254
WA 2 s, Zefiedm AR, 5 — B )
it FERS RN B R, (R — 2R B A B R R
WA, FAHEE . R T 3 MR, R AGE
EECH 35 AMCA S, Sh—BrtEy SoC
ASER, WRBdE R4, HRA 1,
P e sz 2 (5] Pl by RRUZ At Ak 2 4 G T SRR A
e, 78T RAEE RS, BEE R, REIEE B
e BT RAESE , 4 IR K, TT AR ER
T2 BYREIE . X2 Z A FREE R AT LU RS 3 42 )R
FEZ BT RUBE 132 HUE B, o FELRIRI B TR AR
B, AEERZ . MLER EREEZ . 78 ERRES

SN SN SN SOC

con- e a0 g J;

oy ey e g
AR

[CL); {C(12)!

O FREERERE  — TRMEER
.. — R
(O ERFEERIER Bk BRI
B2 {ERA U-Net Z#H SOC fEEM%%
Fig. 2 SOC estimation network with U-Net ar chitecture



5573

BN, 2. JET U-Net Z5 M9 M 4542 1 ra it SOC A% 307

Ferb, FAIEAG QB I R B, HR S5 A
HE I/ INHATF] o o4 v ] — A7 A AT B A [
RN, BEEIT AR AR RO BN, (EHRER R
1R EUBTR . BT SRR BREHE, W] LU 3%
BRI R/ NI DA S G- M 4R URRAE

ASCRYHERY U-Net FIZEA0T LR 1, Kb 1
G HAT AN EER T 44, R —A7 7 S HAT AR
[FIAYLEHE) , PRI e —i o 2% — 51| LA[Conv(5,128)
BatchNormalization(128)]x3 N fili#E47 a8, Hr
Conv(5,128)F/r 1 MER/ANK 5. J2800 128 196
Z, BatchNormalization( 128 )& 7~ i A Fll%i Hi K
/N 128 AR L2, LA 3 KRR H AL AR
H—Abid e 3 1K

F1 U-Net BEIATS
Tab. 1 Implementation details of U-Net

A 45k
C(0,0) C(0,1) [Conv(5,128)
C(0,2) C(0,3) BatchNormalization(128)]x3
C(1,0) C(1,1) [Conv(5,256)

C(1,2) BatchNormalization(256)]x3

[Conv(5,384)
BatchNormalization(384)]x3
[Conv(5,512)
BatchNormalization(512)]x3

C(2,0) C(2,1)

C(3.,0)

1.3 f£F CNN & SOC K=

4 3%E4% FC(fully connected )M 4% FEAC Y H.
o ] 1z AR 2, 4 b b R )RR AR
SR Z BB EAE, 2R R FC
EAREfRde, e TR E, 52
SOC A ML E5 D5 FC )2, {H FC R
T X285 ) 8 By Bt AR ) P A A S 1 o I
SRt FREE AT, R X2 Pt AR Ak 25 2
FERY, 2 TIZALRES . CNN B4 S5 A Ffm
AR RV AR, CNN BN ERUZAR 2 M348
BRI E , SEER S GBI, X
MRS CNN REALIE AT A2 K B 88 . SR
MM R G T, HEAE 1A FCJZ, Mgk
Fyk A\ 2 B b AU € Y . Shelhamer 250
7E 2014 AFEAEt 7 1 AU GRRZ e
W2, FRo B2 M 2% FCN(fully convolutional

neural network).

A SCHRE B SOC A5 A 48 T FCN 1%L
U, AU IS FRES R A 22 2%, DI REAE A
HARK B () B S A . 2O B S ERE L
RIZ . H—LERERAE)Z, X 4 FhZ AR AR IS AL 2
1T YR A% AR H . U-Net BOXSFREEA (15 46
ittt BT AR R A B, 2Rt Fu v/ i e ol
25 W 2% R [ A 3L BT A 5080 ALY SOC, TN T 218
AN ESGE R, 5 FC AL, CNN A9 S —AME
SUBTHEH R, FC B a1 SHS T —20
A AR , e L B R RTINS, AR,
CNN H HEEREA TGRS E. S A
PYAERCARR , XA SECEGE 22 R T I,
BEAN, [RGB s A THE SR R T AR
FE, B T A

2 SCIGHIR

2.1 HiE&E

AR 1 ANATF AR A b e 40
WEFITHE I . BRI T 281 2.9 Ah AT
18650PF Hi i, i LB IR PRI E R 3.6 V, IEAR (]
RO AR B ER B S AL AR, S8 (RS (s FH bt
B FEZR(C) A LI T FE R 25 1 1) LU AL
TESEE R R IR FUH LR RN iR AR 1
BRHIRAA 6C, WEMEHEIE-20 C~25 CH
5 PRI R A SEIRas IR . X TR,
PATTHRSE TR, SRS BRI 1) T FE e 1%
BAREAE 4 MRUESIERS, 435l2: UDDS.
HWFET, LA92 1 US06, Huskhiffuds s ~F
SOV SEIEER , BATR 4 MRS BIG R bl
LG o BAREA SRR . . IREERIH
WAL, T A REESRIZI N 10 Hz, TERFNR
FET MRS B IAAT , TR S IR T E R
FEARMHL, Fi, ERIREXREERRET R SOC 1
9 100%.

SOC 21 o L b 28 i 25 i A2 I B0 AR R
1y, ASCH 25 CF B#UE 25 R T HEAN R R
T/ SOC, BPRAEAIRIREET , HHAEAS TR B



308 i, T

E 4 $23 %

H I ELAA S22 AATRIE SOC, Bl 3825 C TR 1 B
o TR, vl LA AR A T T s SOC
HAMRMmAYAELME:.

<
ES
=
1 1 1 25 1 1 1
0 5000 10000 0 5000 10000
i i) /s i ik/s
() HLifE (b) HLJE
20l 100 F
80
28 + .
;§ % 60
2 27 2 a0l
26+ 20r
I 1 1 0 & 1 1
0 5000 10000 0 5000 10000
i fi)/s A )/s
(c) k& (d)soc

B3 25 CTH 1B T REE
Fig. 3 Part of data under driving conditionsat 25 C
N T RSB GRS BE , X A%
AT T AR AL R, R
X—u

Yoy = (4)

e x o IAREAEEE s x IR s u NP
; o MbriEZ, BMABHENEAIE u=0, Rt
220 =1, bRt B0 15 5 b iy i A AL
P o BT PI2% vk J2 SOC f S5, B 47E(0, 1]
XTEI N, PRI R A s AT iR Ak
22 LSRR

R T FAFIH SOC FEMT ] RUBEE b iy 22k,
HASE RIS IR | A SCHE 2 26 B 20 72
RN T AR SR SRR R M S R A, X T
—HEEAE Sy, IETTREOT E SO
2y =l

Viy)= f (%)

it 28 I 2% — i R I 34 75 AR 12 22 RMSE(root
mean square error) oy ¥ 1 4 Xf 1% 2% MAE(mean
absolute error )/ N1k BRi%L, A H MAE, i

DR AR B BSCRE n 2  2  2% )1 A 4B 2K R
Korb, AT RS SEAS RIS . AL 2
P Z AL 22 S BRI, AT R 2 0 K iR TR
R, BETTIE G2 W 26 10 35 b i Al R A R S Y
J7 A o i AR A BB R

loss = loss e T Aoy (6)
e L IR R P R K PR L yae A
MAE 4K 5 1, 7y FEAEIMRA s A WIENAE,
PO T BRI LB 24 AT 0 iF, SFITRCR
B, BB AT, B
AR C B AR, FthZR -, B
THEH.

Kl 4 2 3 AR AT T OB I RS R o
LA, HA=0, RIBCARETIIN, MhAL5R
HOn HSUE, (BRI RS, BRORIRZEHIR
YA =501, AGSEEE R B ELIEh Bl
HRRZERFW/N; 2 A =5000F, AR
TR R 22 E0R . TEZ IR RS h, BEH A = 50 -
- TSR SRR L

87 -

86

85
< g4
Q
283t
| —— SOCEH{l
—2=0

82

81 — A=50
— A=500
80 I 1 I 1 I 1 I
0 50 100 150 200 250 300 350 400

it /s
B4 AENERFTREEGIELSR
Fig. 4 Model validation resultswith different
weighting factors

2.3 BBH 5%

HSHOT A B AR K, BRUZE. B
BR/NEBSEAER S m SOC fEFEZE R, H M
SEAA T A PR | AL 2 A DLt
5 o (8 AR 3 2 00 S EUR A S RE 2 Kt
], ANZRSAAR e & B I ] Py S22
Bt A Mg fe sk o DUy
FERAR T B AR R A BESRARY | SR AN R



5573

PrII, 45 FETF U-Net G54 BT 28 4541 55 it SOC A4 309

TIVEEAR s A BB F AR s IS 36 0 A1 o AN SCEFE 1Y
RIS 2.

*2 RMBSHIERE
Tab. 2 Selection of optimal hyper parameters

HESHL HUE
HBRWER /N Kernel size) 5
U-Net J# £ (U-Net depth) 3

W LBl Shrink ratio) 5
B4 B4 (activation function) ReLU
A 50
WIf= > F(Initial learning rate) 1E-3

771222 MSE(mean squared error )2 {1 45 X 4%
HhE BB R ZE 8 bR . MSE (28 fb ] DLt
BRI Bt BlG . B 5 Rilgrid ik
# MSE FIBUE4E MSE 9754k, nTLIFEH, MSE
TEVNGRIT LRI s TR, B S TR R AR 22 . i
XT y BN ECRT AAS IR 22 Mg IE IR 2575 80
WIS AR/, IR 100 RS 1R I 25
BRI PR E A R 0.997, EWAAS R B AR 25
KR

L — %
a0 — R
wn
2 2
= ]() L
B
oK
Ri103L
ﬂ?

1()*1 ] 1 “‘T‘“"_u

1 1
0 20 40 60 80 100
PIgEFe IR

B 5 ill&%& MSE FAIEiEE MSE
Fig. 5 M SE of training and validation sets

3 SLIGHER

31 [EREZFHFTHHELER

A ISR US06 G Z A 5 FhfbE iR
JE TR RS BRI SOC fEE ML, R
YRFIR1Z0° 20 min, YIZREE RS, fliF US06 2 5%
PEIE R BrEEAE I IE SOC fhFEZE R .

AT EEE AT H TSR SOC A%, ol T
B2k SOC fl%a . TELHMER ST, &Ik
A B 5 HADEE T s 2 2 1 ik IR W%

25, EBRSANRMNIENT, Fra MEdE#R T LI
o 1A R ok, TR Z2 AR, B4k SOC
it S R A IR 51 ) v Y S i A B A
R, JF— AR ITE B S SOC, AT 2
RNN MZ& PFEMESRLTRE, s THERT . F
FARSTLG T BTA 1 ISR 2 B A ARH, Rt
ARSCRA TR R B vk . & 6 FilE 7
SYBIRAE 25 CHI O CIHRERIRIET, US06 Z55fF
TR 1Y SOC AL R FIR2: .25 C NI MAE
H 1.1%, RMSE b 1.4%, I KiR2EHN 7.4%, 0 C
THY MAE 9 0.9%, RMSE K 1.1%, &KiREHN
3.4%, 2 FOR[EREE S50 T Ak S 25 SRy A
WRGEE , B TiZ0r e E AR N A sk, &
ARG R BRIy TR R, IR
TESII R L, B IR 2215 8 T RN

100

10

— SOCHAH
80 —SOCHhEfE | = st
5601 %o
O 40} (6}
e O L
20 - A S
O 1 1 1 1 710 1 1 1 1
1000 2000 3000 4 000 5000 1 000 2 000 3 0004 000 5000
Bt ik)/s i fhl/s
(a) SOC (b) SOCi%

6 [EEEHTH SOC HELER(2S ©)
Fig. 6 SOC estimation result at constant
temperature (25 C)

100 10
— SOCEL{H
80 —socthsE | £ st
Q40 (5}
20k S-5r
0 1 1 1 _ 1 1 1
1000 2000 3000 4000 1000 2000 3000 4000
i il/s i il/s
(a) SOC (b) SOCi%

B 7 (ER&FM4TH SOC HELRO ©)
Fig. 7 SOC estimation result at constant
temperature (0 C)
32 TREFGFTHEELER
TEIN Gt R b g | AR il B T DA AR T )7
ZALREST o ARSCNER AR FPed 1 1 4R RS0
i, HPEREERE 10 CRWiTEE 25 C, A
T 9 SOC fEHEARINIE 8 Fros . 7 id
T, HEPIREE 10 CEEiF SR 23 C,



310 i, b

E 4 $23 %

HL MR E N 10 CRE M- 28 25 'C. SOC Al
B MAE 4 1.0%, RMSE N 1.3%, I KiRZEN
4.2%. B 9 s — A TREE T 1Y SOC fhifAas kR,
SRR IREE IR 20 CEETTHEE 10 C, fElE
i #EH, MAE 4 1.2%, RMSE 4 1.5%, fxKin
H95.0%. BEEREN TG, AIRZEE SEUETE
YR ICERA , TR, SOC 4 14T
SREAE RIS, WEM T iz AL LA 2 1k e

JERARAE A, (BAESEPR RS, RS
JEAARAD | RZ B M AT VR AR BE S P
ASCHEE T 1 AL L S A HL R S i A AR, I
] 5 MANRIPAEEIR L N Y SE 50 s X Y T
TR, i ARds A 2 4%, RIE—1kH
AL o 2 R LA 26 T 1 SOC Al 42
W3, ATLE, TIERSTIAMREE A,

Jr i HH AR AT AR i O A SRR 2 244 28 W L
SRS, ASFORT RS, (AN e i A,

100 10
— SOCEH \ ey o N N \
80 —SOCHJHE | o st UEBA T 325 TR AN R RS (493 oy 1 o AR SO 1k
L 60| G . o e e A L
Sl 2 oM f 1 s, D2 LR
Q e N s N PN P
“ a0k F-sr SN o BERUAE DI ZRE YRR 55 i 5 T e PR = kG
072000 6000 10000 0 2000 6000 10000 B, (HAMEERER Z, X PR IIGEE 5,
it R)/s s R)/s HnyE R = O T _ el == >
o i s PIANERER T 25 CHART-20 CHETEHAIERSE
dek 3
L BF L BF Hi.
50| B 50| #3 8MARMERE FHMHITER
ot o
5% sk é sk Tab. 3 Estimation results at eight different ambient
= 2 temperatures
10o 2000 6000 10000 100 2000 6000 10000 T syl ZEH MAE/RMSE/% MAE/RMSE/%
s s WECOREEC  (CHEEE) (BRI
(o) SFYEE () MBI — WEC WRC  (BISWR)  CEWRE)
o1 10 23 1.2/1.5 1.4/1.8
B8 IR&EMTH SOC fAELER(10~25 C) TH2 10 ” Lol Lol
Fig. 8 SOC estimation result at variable T3 10 ” 1.5/1.8 1'1/1'4
temperature (10-25 C o T
P ( ) T 4 10 22 1.2/1.6 1.3/1.7
“8)8 —SocHi 10 TH1 20 11 1.1/1.4 1.4/2.0
— < sl
<60l e Z TH2 20 10 12/1.5 1.6/2.1
Saof Pés’ : WMW TH3 20 8 12/1.5 1522
20 - | | | M . . . TH4 20 11 1.3/1.6 1.5/1.8
072000 2000 6000 '° 2000 4000 6000
s s .
(a) SOC (b) SOCiR# 4 ZHiE
20 20
Sé 10+ ié 10 F
%:% of g of ASCHE T 1 AT CNN 1Y SOC fili & 25 7
g-lor B-10F %, ZBRIEAT U-Net 4549, (U HAGREEAH K,
2002000 2000 6000 220 2000 4000 6000 AEAZ AL PRAT A B %) H 0P I 52 B = R SOC
i #)/s it )/ Jio N N
(c) R i (d) ety i B G RUZM SOC fhiE M ML,

B9 THNREEMTH SOC MELER(-20~10 C)
Fig. 9 SOC estimation result at variable
temperature (-20-10 C)
3.3 iREX SOC HE KM
TEASCER AR, AR R . F A

FEAL B AT AZ 4 P ARt s o RV ARt
PO, 3R] DLy i EmR i Al g 2R, R
ABERAIE T Il Zrad e g LA T 278k
PREAETIIN, FEAUER RIS AR AL T, Hod it
AT R, B HIAR 1 i R A5 SR A



5573

PrII, 45 FETF U-Net G54 BT 28 4541 55 it SOC A4 311

FEAR T B RiR 2 i 5 AMEEIRE T A Sh SR
T OB TR ISR, 11252 bl R A e AR iR 5
PR IRARAF E G R Y SOC A 25 5L, IFHI )y
B AR S T B AR S iz A B B AT
BUBCHRBAIE T BT R 7 RS B, TEIR AF T SOC
fiB A RMSE N 1.4%, AT SOC &)
RMSE 4 1.8%.

S 3 -

(1] ARAWE, JEIGR, RT95E, S5, —Fhekl BRI g v b

OCV-SOC HhERFRBUTEL[I/OL]. HLF AR, 2023: 1-13.
(2023-05-17)[2023-08-01]. https://link.cnki.net/urlid/12.1420.
TM.20230517.1045.002.
Lin Jiashun, Zhou Juan, Wu Naihao, et al. A high
precision OCV-SOC curve acquisition method for LiFeO,
battery [J/OL]. Journal of Power Supply, 2023: 1-13.
(2023-05-17)[2023-08-01]. https:/link.cnki.net/urlid/12.1420.
TM.20230517.1045.002. (in Chinese)

(2] AR, PRGN, 709, 45, 2T EKF-Markov ) UPS

i HPR S T 5 4 RREAS FR AR e (0], WL URSE A, 2024,
22(6): 225-233.
Fu Jundong, Chen Haojie, Sun Xiang, et al. SOC
prediction and health management system of UPS based
on EKF-Markov [J]. Journal of Power Supply, 2024,
22(6): 225-233. (in Chinese)

[3] VFESR, B, BRI, 55 LT WOA ik - R/R

SEEHEE TR SOC R[] mIEEMR,
2025, 23(2): 232-239.
Xu Aoran, Dai Jing, Gu Cailian, et al. Research on SOC
estimation of lithium-ion battery based on WOA
optimized extended Kalman algorithm [J]. Journal of
Power Supply, 2025, 23(2): 232-239. (in Chinese)

[4] Kim M J, Chae S H, Moon Y K. Adaptive battery
state-of-charge estimation method for electric vehicle
battery management system [C]// 2020 International SoC
Design Conference (ISOCC). Yeosu, Korea, 2021:
288-289.

(5] E5, MR, s, 45 25T IMOCS-BP #2241
PR TN SOH flitI]. HUEAAHR, 2024, 22(1): 94-100.
Wang Xue, You Guodong, Fang Chengxin, et al. SOH
estimation of lithium-ion battery based on IMOCS-BP

neural network [J]. Journal of Power Supply, 2024, 22(1):
94-100. (in Chinese)

[6] Li Chuanjiang, Chen Zewang, Cui Jiang, et al. The
lithium-ion battery state-of-charge estimation using
random forest regression [C]/ 2014 Prognostics and
System Health Management Conference (PHM-2014
Hunan). Zhangjiajie, China, 2014: 336-339.

[71 Song Yuchen, Liu Datong, Liao Haitao, et al. A hybrid
statistical data-driven method for on-line joint state
estimation of lithium-ion batteries [J]. Applied Energy,
2020, 261: 114408.

[8] How D N T, Hannan M A, Lipu M S H, et al.
State-of-charge estimation of Li-ion battery in electric
vehicles: A deep neural network approach [J]. IEEE
Transactions on Industry Applications, 2020, 56(5):
5565-5574.

[9] HfRF:, Wiiete, 5T BP-ZAHH ¥ UKF MfbH ik

# SOC 1 [J]. i, 2025, 23(3): 363-372.
Bai Junqi, Xian Yanhua. State-of-charge estimation based
on BP-multi-timescale UKF optimization algorithm [J].
Journal of Power Supply, 2025, 23(3): 363-372. (in
Chinese)

[10] Dong Chao, Wang Guanlan. Estimation of power battery
SOC based on improved BP neural network [C]// 2014
IEEE International Conference on Mechatronics and
Automation. Tianjin, China, 2014: 2022-2027.

[11] Xu Long, Wang Junping, Chen Quanshi. Kalman filtering
state of charge estimation for battery management system
based on a stochastic fuzzy neural network battery model
[J]. Energy Conversion and Management, 2012, 53(1):
33-39.

[12] Zhang Chuanwei, Chen Shangrui, Gao Huaibin, et al.
State of charge estimation of power battery using impro-
ved back propagation neural network [J]. Batteries, 2018,
4(4): 69.

[13] Charkhgard M, Farrokhi M. State-of-charge estimation
for lithium-ion batteries using neural networks and EKF
[J]. IEEE Transactions on Industrial Electronics, 2010,
57(12): 4178-4187.

[14] Chen Xiaopeng, Shen Weixiang, Dai Mingxiang, et al.

Robust adaptive sliding-mode observer using RBF neural



312 i, b

E 4 $23 %

network for lithium-ion battery state of charge estimation
in electric vehicles [J]. IEEE Transactions on Vehicular
Technology, 2016, 65(4): 1936-1947.

[15] Wang Zhihuo, Fotouhi A, Auger D J. State of charge
estimation in lithium-sulfur cells using LSTM recurrent
neural networks [C]// 2020 European Control Conference
(ECC). St. Petersburg, Russia, 2020: 1079-1085.

[16] Yang Fangfang, Song Xiangbao, Xu Fan, et al. State-
of-charge estimation of lithium-ion batteries via long
short-term memory network [J]. IEEE Access, 2019, 7:
53792-53799.

[17] Ronneberger O, Fischer P, Brox T. U-Net: Convolutional
networks for biomedical image segmentation [C]// Medical
Image Computing and Computer-Assisted Intervention-
MICCAI 2015. Cham: Springer, 2015: 234-241.

[18] Sainath T N, Vinyals O, Senior A, et al. Convolutional,
long short-term memory, fully connected deep neural
networks [C]// 2015 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP).
South Brisbane, Queensland, Australia, 2015: 4580-4584.

[19] Shelhamer E, Long J, Darrell T. Fully convolutional

networks for semantic segmentation [C]/ IEEE Transa-
ctions on Pattern Analysis and Machine Intelligence.
2016: 640-651.

[20] Kollmeyer P. Panasonic 18650PF Li-ion battery data
[EB/OL]. (2018-06-21)[2023-08-01]. https://data.mendeley.
com/datasets/wykht8y7tg/1.

EEREAT:

HHWEA973— ), F, AR, F
oE 5L WFFE 7l PBEASE AT | Kl
BN A %, B-mail: jinmingxu@zemt.cn,

Mot (1992— ), 5, #it:, B
IRAFSE 5L . ST BB AT H
& 255 . E-mail: chenjianan@zemt.cn.

PRy R(1993— ), B, fit, B
IR s, Wi S

{51 224 . E-mail : chenyuhao@zemt.cn,
ws(1982— ), 5, it m%
TARI, BT PUB T A
A%, E-mail: xuhan@zemt.cn,
WEE(1996— ), 5, BEEE,
i, JRm. BRI b
K5, E-mail: 18117004@bjtu.edu.cn,

AR FHLEL)



	07期ML
	1-16  2025-0368  姚俊涛
	17-27  2023-0056  王贵峰
	28-35  20221206 0882-3  王林涛
	36-44  20221108 0824  杨  清
	45-54  20221015 0775-3  曾华荣
	55-64  2023-0005-3  蔡永翔
	65-74  20220923 0725-3  张景璋
	75-82  20220918 0705  周  杰
	83-95  20221007 0754-3  王春涛
	96-104  20220922  0723  张  江
	105-115  2023-0083-3  夏  晔
	116-127  20221017 0780  赵慧荣
	128-135  2023-0227  裴冯来
	136-142  20220823 0652-3  于来宝
	143-151  2023-0003-gkk  包斯嘉
	152-161  2023-0137  汪  清
	162-170  20220919 0708-3  孙新凤
	171-180  20221223 0917-3  蒋  鹏
	181-190  20221017 0779-3  陈乐飞
	191-199  20221114  0839  戎士敏
	200-209  jops-2023-0072  方 正
	210-217  2023-0056-3  王金明
	218-228  20221010 0761-3  汪兆栋
	229-237  2023-0121  李继超
	238-246  jops-2023-0145  张佳波
	247-252  20220731  0591  文  陈
	253-265  20221124 0867-3  李  银
	266-273  20221011  0762  张  可
	274-282  20220918 0704-3  路  玲
	283-293  20221017  0781  赵家城
	294-303  20221018 0784  王子鹏
	304-312  2023-0104  靳明旭
	313-320  JOPS-2023-0094-3  杜焕伦
	321-329  2024-0782  李  鑫
	330-337  2023-0042-3z  黄成洋
	338-348  2023-0011-3z  陈益华



