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Abstract

Nowadays, the development and utilization of new energy have attracted more and more attention
in the world. Lithium-ion batteries have gradually become the most widely used energy storage com-
ponent in the world because of their excellent characteristics. Therefore, ensuring the safe and re-
liable operation of lithium-ion batteries has become a current research focus, but their State of Charge
(SOC) and State of Health (SOH) cannot be directly measured. In order to realize the joint estima-
tion of SOC and SOH for lithium-ion batteries, this paper analyzes the correlation between SOC and
SOH, and designs a joint estimation method based on deep learning of SOC and SOH for lithium-ion
batteries. This method uses CNN convolution neural network to estimate the internal resistance of
lithium batteries, which is used for the estimation of SOH, through collecting multiple parameters
such as current, voltage, charge-discharge power, voltage change rate and other rich eigenvalue sam-
ples. The data is one-dimensional data, and the structure of CNN neural network needs to be adjusted.
Further, the estimated SOH and the collected data are combined to estimate the lithium batteries’
SOC using GRU-RNN neural network. This method does not need to build a battery model, and even
can quickly converge without setting the initial value of SOC.
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1. 5|

BEE S TR AR R R, HOREHE N I RE o 5l N fshiR 4. B8 PR LS
FHEAMRET RIZEE P[], CISCHLHEBEM A M. X FH 3 T RIS, SOC Ml SOH & i
PR E. H, SOC #uE SUARIRBES B KTHA R [2], HAH 20 Y57 b N s &,
#ERAT) SOC i H e 32 i 2 1 Vb A AN BE LRI F 26, A5 T rlt A B R G (R IE A 28 1 FEL AR FE %2
AIAT XA, DUERHR RS 7 Al F 75 fir s SOH I A 48— 1€ 3, 388 DU B i s 25 B P PN RELR)
Ak sE [3] [4], HAEWS 2 E R B 1 b E I O, HERR Y SOH A 55 B B R m 21 25 1 H b M RE 1Y)
RAE, JERNEHWEE T R E Rt B S, o TS bR REM % BT A
HRE .

SOC 11 SOH it &5 75 15 1] LA 4y Sy TR Y (R & il S5 7 V2 ANEIH BB A 5 7 v Hidh, %4t SOC
T RIS R 0 . I R R L SRR AR R P B i o DL A 3R T R A RO TR ) A B
PN KF 5% PR SILRUUIN #8705 . WL 28 VA7 Faith SOC FRURS AT 5 LA S B b vk - R AT, (H L
REZE o S MR FE SO, DRI AR A . Bl IR s v g | 22 268 ), FE RE BT IR T,
RES BT | B BT, A SE, DIRMS LRIl TH 45 R o @ W HOR KB A P 2605 . SCRERI &AL
BN 55 5] -

FE 521 SOH Al 117772 32 B B el S vk R e /s 3y, Bl sy — A0 o O phy L sl o 2 SR Aty
THEI SOH. fe/h IRiEF T o B AL SRR, 45 G S RO AR, JUE da it PO S SRR T Ak
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Z ARG R, 0T 1 1 FEIt SOH MU H AN o Ji T I8 P R0V T8 A2 ) ) O 9L 0 U8 BV ST BT v
b P ERIR A SR SR I A M S5 RN B2 8. 08 IR B J5 VR AE AN 25 FE A 25 1 Fi b 2 AR LI P 350 P Ak 2 S BT
BT 5 B A H It R AE 50 R AR HH F it B A (1 T FHARRAE, SR 5 I8 L8 27 ) 5 VA S IX BEAFAIE 5 SOH
Z AR R [6]

BRI W 5T DI TP Se g 45 R, RAT)A — Lo 7R 2 0udk it 77 o 6 T2 F it 1) SOC At
KEBOCHRBAT % e Ak 4T SOC it sy, Hae b, PEEHRbmEL, BibrRESIZBHFK,
AN IS B R T RE 2 R AL, KX SOC [ Ad T4 AR KBk ik [7]. SOC I SOH (¥ BBk & 1 5
J7iERAEH [E SOC M1 SOH #i& X R LA F, FIAH M & H ) SOH KR Hi%k L SOC, LASZEL SOC [
Hre HTXF SOC fli I 518 T SOH M52, BEG il 577 - e 8 IR BEAE 25 7 st M iR A0 gk A7 5,
o InvERf Sz SOC 1 SOH [H] I 5

BETF AR (R I A Ay B 7 ¥ 75 AR S 8 r b P e S AR T S e Y, e R OO 2 R L3k
243 HI52 I SOC 1 SOH fiti 5. ESREE THEALfK) SOC 1 SOH 64 it 55 77 1 e i i 3 1k R i K 1) &% A
HEVLI 2R SE LT BRAR SR, (F AR B () S MR — B BRI 2 B, RIS A (1 F s A 2
HEM SOC F SOH 554G, 1 Ho Bl 5 fi it T 00 170 S 2 A R (R 2B, FEI B b (Y S O
EVER DR, TTHE D R Al SR e . AR, B DR BN R T Ay AR R A% [ e e AR A
e iE I HLA A ST H 7 GREL SOC A1 SOH ARk, AN MMV & 7 i 8, AT X SOC
SOH AT fERE I 43 AT A 5

ZTH T it SOC B P 28 2 LSTM #H& M %% . HAT, C&f KEMSCEMER T LSTM
P2 o 2% 7 FLHL SOC fili AT AL F5 I . IAER, BEERIZ S SIMAWIRRE, I 1 8RBk e R
ML, WL TR IE. U KA HHICZ (BILSTM)AE . IxX o £ W0 44 /1 4 55 7 it SOH
AU I RS R — P R

2. $8EFH M SOC 1 SOH XEM 94T
45T il SOC AT SOH 3 AR A B T HUILIR A 52 U, THAS R Bk E &, ek, 3 L Axt
BB i SOC F5E SUA WIRI[S], 55— Fig 7E4S i A 20 26 1E T, LT 4% bR B 5 M) 4 AR R A 25
BHEs, QR bR A, Q LAY | BUE T BT R 1A
soc=% (1)

|
S R N A FE Q SRAS T [ FIRAS

Q
SOC_l_GT )
Pl X R, it se &S B, SOC = 100%, HLit5e &, SOC = 0. M gal LRI,
KA Q, FEAN [A) £ Z& JECHL T Bl 45 1 M i SE PR R S B AR, — M H FIBARFR 2 & Qy SRARE AN A ik
R THFEREQ, -
EAHOLT, SOH # 5 SN MHTI 2 SRR N RS HUW LR, wT LA &R0 A BE AN £ R gk
175 X[9], BUETEHE N 0~100%. Z& M E ITEN T R():

SOH =3 3)

norm

Hof, QN AR SRR O B hE, Q. AWMU IR A, BEHA I ER &R SoC
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M 10093 0 i A5 A et SR Y g B . TR e A S R A B R AR M, I HL 55 SOH f7
TE—ERIX MR R, BT DN BR A B E X, Rk (@)

Reol — Rnow

Reol - Rnew (4)
Ht, R, NEHATZINIE, R, M RN, Ry, A HEMIE BRI RN B WA
£ E SCHELES T HLIh SOC I 75 20K SOH 5 [8d J:[10], BB TR YT KT H A E S EE 2 T,
EH DL BB o] DAAE 2 H

SOH =

SOC = —ore (5)
C,-SOH
P Que NELE TR Y ADIRS M IR E; C, NS P AE. mREG)TLLEH, ML
BT MM S, #LE -1 HLh SOC Al SOH Z [AIfF7EKEL, H SOH Xf SOC Kz bEE SOH AR 4L A%
o I HBEE S 7 A BRI N, HABLSARERRN . EFE O IRTBORR, HARKT
AR, HAHSEBRR I ARM B, SRR IR T .

3. ETREFINES TRt SOC f1 SOH Bk&fhitiELRigsE

TERETIRS 2 A AL SOC i+, SOC HHLEMHMESH NI KR EARMMIELEENS LR,
H T RS 12502 bl A v it 7 5 A B0 i 0% o R B0 Sk 323k 47 SOC flith, ASFR ZEXT st
P A TAENLER AT T /%, iR X AN B AR M R R L — A BAARTY, SR AR
FEPERE (R . RIS HEAT AR 25, AT AR A ROt e O 1, IR S, IR A
Rt en T B st . IRk, FRATAT CLRI A B 4RI THE H i st Py BHIEAT SOH 15, 4 1
DIZF SOH I SOC IR A, 38 g 4= 5 o

ARG BRI L 25 (CNN) 5 T T IE A FL T I M 42 M 26 (GRU-RNIN)IEAT S5 &, AT SIS B TR i
oI B -t SOC A SOH RS IR Aflivh, HERA A TR ARESL Q] 1 ffros .

i 1 7 GRU-RNN

firitsoc .
o)

Figure 1. Joint estimation framework of SOC and SOH state of lithium-ion batteries based on deep
learning

E 1 ETREFIHES TR SOC #1 SOH RS EX & fITHESR

Hor, GRU-RNN 22y 1 fiff 1 fi 1 T 1 22 I 245 F B SRS A 1 e i 7T 2 18 1) — PR IR R 22 X 5,
FEF T I AZAE R 40 22 I 2% (LSTM-RNIN) I 5 5 6 85 [7) B B A 6 T 5 52 % P35 R A7 i 2 1) 199 75 SR 5
PRI SICH B o pR T B 1 R — N A R P B PR B0 A R e, HMET SOC 575 SOC. HiL
MRS S BUNIEERC R . Ik, % GRU-RNN HI-F SOC fifi i % 5 f b AbF I 18] 7 51 il i, L3 4A 45y
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Figure 2. SOC state estimation based on GRU-RNN framework
&l 2. T GRU-RNN #E%289 SOC K7l

£ GRU-RNN B4 (1 5 A F, 3860 A 23 £G4 2 ) DGR BE S KD CNIN R4, DUSREVE A B (1 45040 3 i i
FIRNEL At IR B8 77, SRedd B FEIBAE SE B fs A I A2 i 2 2% 2 A8 s K] 35 . FE i, CNIN R BN\ 2 (input
layer). %/ 4H1JZ (convolutional layer). Z/Mtift 2 (pooling layer). £ ~42i%4% 2 (dense layer). H./M)
2 (output layer) il BEAREERIUE] 3 Fim .

Figure 3. SOH state estimation based on
CNN framework
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4. REEF JIRBGER

A SZEGFETF CPU (Intel Core i7-9750h 2.60 GHz). GPU(NVIDIA GeForce GTX 1650 4 GB). RAM 77
(16 GB). Windows #1F &% .

4.1. CNN PR E &t

ACIER) CNN #hZ M2 HF B e SOH, H4iMh—MaNZE, EANEREZE, TAthrdE
WE, EANBEEREZE . =AM KLE . — N EEREM— R EFR, 56 21 B, HEARE
LI

1) AR EECEE V. B AR W . AR W, . HERE dv/dt BB EE
NEINELHE, HiH o SOC 54, o HifH— 1 kb . B, B IE— 105 I N 25 2 HEFT W < H
(IR, S INBIRFE RN 5 A ANEHE, W4 e 2 14 R R 2 < 0 —1k, 193 SOC Il THE

2) BRZEER: BREER—HEH, BFHRAERR RN A3, F—ZRE 16 MERKA, 2
TIEWE 32 MR, BEEWE 64 MRS, BIUEWE 128 MRS, FIZWEN 256 MR
. BB KA 1, padding HFEH 0.

3) ARl : THIRIIME N LA TE SR KR MERL e 70, (R P AR R 2 N 45 2 S RIS
WS P NS A 1) R BRAT T A N B AT T IR — AR, I R R 2 Y 4 B N ) 2 A T B
KAEmFE . Hk, FTATERFAEZ 5306 R 50 [[1E it by 4L 2 (batch normalization), f#154&F—)Z M
LRI NAE N i R S CRRR BN S B A0 AT TG I 448 4% 7% S I 280

4) WERE: EFZMEER R ReLU, W1 3(6) Fn:

ReLU = max (wx+h,0) (6)

5) FRIMAGE: B AL Z IME FH BN EIHIEE, BT BERTHEE 2. BRI E 3
A~ Max pooling bk JZ JE 9% 3%, 41~ Max pooling Jth it JZ D% 3% FIVE FHYE RN 3 x 1, HZIE FI A i K
EAE N B BRI

6) ISR B 3 a3 28 e B R FE 255 B A 22 (RMSE) B 2k B 8, T A 280 f s M A1 5

S B 2 T ) 2 o
PR R Adam BE R AR AR e/ ME B R R fUibaso7 21508 0.001, B KAAACRER BN 24
1 2000,

4.2. GRU-RNN RI4EH=8i%3t

SOC i H A ) GRU-RNN HH—MaNE . — MEZE. — N aEEEM— Ml 24, Hif
NE BOEZ . Az E A 201 507 % E D 3. 100, 100 AT 1, & EK%CH tanh, I dropout
BRI S, RN %, SN TCH 10%I0 LR R . 525 77 1% 2 (RMSE) 16 2% 58 31
REVREREL, HRA Adam BIERAAGES, m/MEE RS, USR5 21308 0.0001 K AER K EL 5
I E N 10 11100,

5. SOC {145 R i

T PV B 25 =1 7 Y 0 B H Tl MWD E5 IR 7S SOC = 60% 78 28 SOC = 100%, i3:4T 7 — VRV B 78 T3 L J
A, JERT SOC A1 SOH RSB A 1145 Rl 4. 5 Fios.
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Figure 4. Internal resistance state estimation of lithium batteries during
primary charge and discharge period
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Figure 5. SOC state estimation of lithium batteries during primary charge
and discharge period

[ 5. $2rt—RFTHE F AR M SOC RASM T

FHE 4 ATRUE H, ARSI PRI CNN SR 28 W0 248 %6 F it P BELAG T R BN AR, SP347R 2 AN
#it 0.001. &5 R, FIA GRU-RNN MIZ5%F SOC Tl 4k v SOC i 25 ANt 2%, SOC Tl
W FEH RMSE BB 9 0.020482. 5] 6 Jy 5 x5 Hdts /5 11 SOC il B RE P 3 4 xt iR 2, wZEE AT
1.6%.

LR EFTIR, AR H A EE TR EE 2 S (LB T HEth SOC Al SOH B & (G B 8445 21 1 G 2 (5%
WE, HAVYRES SEILEE BT Fa it SOC A1 SOH ¥ [RIB Ak 5, 3B K25 pE 2 &5 7 iyt Z AL R R s, AT
Pem T Tl SOC il SRS .
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Figure 6. Average absolute error of SOC estimation process
[E 6. SOC 4 H I 2K FIERTIRE

6. &g

RIE 2 2] D7 e IR AL JE R, TGV S0, M I AN [R) R X 28 A P o R AR REAT 38227 2T

A MRS DOCE AN AT, 38 G 1 % 48 B30 v o ol it S5 SRR AR RN T Bl BRIy N AR AR S5 R O FAT

LIRS S B JT Ik & SOH X SOC BEATfhi i, FEREI (8] A 78T B SR 6, AR SOH JFEANe:

KA BEDA, 1 SOC on B S A [ 70451, SOH 145 B A5 IE AR5 T M 2 ARSI Y
SOC s g5 3, M aEasHE MK IS+ SOC IR .
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