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Research on Lithium Battery State of Health
Estimation Methods based on Knowledge

Distillation Framework

Abstract

Evaluating the State of Health (SOH) of lithium batteries is critical in a
number of areas, including electric vehicles, renewable energy storage systems,
and portable electronics. Accurate prediction of the SOH of a battery not only
helps to extend the life of the battery, but also improves energy efficiency and
ensures operational safety. However, Li-ion batteries undergo irreversible
chemical changes and material degradation during operation, which can degrade
their performance, making the development of efficient SOH prediction methods
critical to research.

In this paper, three different methods for SOH assessment of Li-ion batteries
are proposed. Firstly, a prediction method based on the principle of SOH
degradation is proposed, which utilizes Stochastic Differential Equations (SDEs)
to generate the time series, as well as the use of a two-branched ResNet model
that allows for excellent performance while explaining the model workings
mathematically to a certain extent. Immediately following, this paper will explore
the LSTM-Attention model's prediction techniques based on fragmented data.
Finally, this study employs a cross-modal knowledge distillation framework to
fuse these two different models. By adopting a knowledge transfer method
between heterogeneous models, this innovative technique further optimizes the
SOH prediction performance.

In addition, this paper also derives in detail the relevant theoretical errors of
the proposed stochastic differential equation-dual-branch ResNet model and the
LSTM-Attention model, which fills in the deficiencies of most of the current
neural network models in terms of supporting theories and improves the
interpretability and stability of the model.

The experimental data show that the knowledge distillation framework
performs very well in SOH prediction in the tests conducted on the Oxford battery
degradation dataset, and the root mean square error (RMSE) of all the tested cells
is lower than 0.01. Particularly, the RMSE values of Cell2 and Cell5 are 0.0006
and 0.0009, respectively, which are significantly better than those of traditional
prediction means. The computational model not only excels in capturing the trend
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of cell SOH, but also demonstrates superior generalization performance in the
application area of numerical simulation.

Keywords  Lithium-ion Batteries, State of Health, Knowledge Distillation
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L1 REFREMREX

HH (LIBs) LN A AR P izt xR, LR fE
FHUE R BB (EVs). BRI ANECE 2 PR T, #
HL AR IR R E B A M th, DUONENTNEATR M 1 L-F 2 AR fE &>
. BB TS a, HEFT b @ RCIROL (State
of Health SOH) AASIC UK. X AMAT B+ A Rttt AT i b g AL &
B, ER AR AR, AT DR S BEARRER, IR IR EIR BN AR 2
M.

{EE, 25 R B il SE R AF Sl — R AR R 222 e
HLAI A A0 o RSB A DAL LA R T A L7 i A i, K AR AN RT3 4 3 B0
M PERE AN 22 A R OB gD o [RE, XT F LK) SOH HEAT KE TN, 76 1%
UEHIB RS L SEA LR A3 i LA R AE 1 20 AR DR A S50 m] fp ek i
A AR

N4>, BFxF LIBs SOH FITIIN il LA B2y s AR Bl 1 iy 2
EE e O NS Bt e B W RPN s S et v LRI /B R A o LRSI
LR A AR AR o IR T iRAR IS Y T A 25 B A SIS T FUOR AL O R AR,
B IRIX LR A BERPRE L B — 5 A& N, B T e s DL R 7SN
SUFPHTEOR, IR SE o BAT — € AR YE. BRibz4h, s R e
WA kAT 1A NIE H LR, X2l KE R EdEE & MPLE
AFEEHR N SOH W FTHg % St AR WATE MR . JR1MT, IXEEEOR M
T e 75 R AL 75 16 A SR B PR [ R A% e AL 52 2] O iR K 2 MO T AL
M, TR 2] 05 v LA B 3 AT SR s R ik, (B 2 A B AT
ORI 18] P s s AR, IXF ORI B —E /IR .

1.2 ERSMASIIR 74

W ESCRTIA,  H AT SOH Tl J5 ik 25 B AR R oX S AN A H ok 5y . A 7Y
UK Bh Ty ik R R IR AR A . Y- Al AR N A AT, JREZE A IR A
B & N A, LA BRSAETIN SOH H KM, A6 iR R IL T th %
P A6 25 AR AT OC &R, BLFE R BORE AR 22 T A 7R VRN 48 Bl A
AU, I e Y 26 0 A S, L B AT R S R D . B
B O(2023) $REH T R T SR AR B AT FERES (SOC) Fil SOH
I EAE ST IR B AR IR rE it B F A A AT O, A A S
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SR SOC A SOH [ TMIKE BB, i sRaE (2023) fH T —F4s &2
Iy AR LA GPR Rl SOH Al 5 57 . i 22 4y AR 2L TR AR
PHL, SRIEFIF GPR #HEAYEEST SOH L4, 251845 (2024) H 7 —Fhdt
Ty RR/REJEH (BKF) L4l s F4E i SOC 5 SOH Bia 1l
HIT. B ME T RC SRR EEEIAL, HiFTS8HHR, 3617 SOC 1
I, SR, BT EAIA R B R R A O R AR N 7R R B, Rk
AT B FE R A 5838 . Ak, GRI0 R TR f 200 R A K A% 5 T 3 N Bl
Qe TR B, PR P AR A . BER . BRIC(E BANIE 2 1 AR AR
HR ] e PR RE . SR, BSEH SR SOH s A A /a5 Honl
Re kS, [FIRHRMER PG E MBI R, HREKEETAE S LR
SOH Tl .

TR, B IRSN ) 7 VAR TN st SOH 83 7 v A, Hik
B T 0B B R A TR N BR AR A A B . XM O VR R T AL
BRI N Rz ALRE . X VE B AERAE SOHBY, Bl BRI )5 1%
KE NGNS 2> (ML) JiiEFIRE 2> (DL) HiR. 451
ML JFiEAFEANR TSR ENL (SVMD O BENLERAR (RE) DO =
AAEET (GPR) U, FERAEARLE M ¢ R AR B A 7848 X 0 T R 30 L o K
IRE 7o SR, X R AR & B A T 38 M R IR IR B, AR BUU R I E
TEFR 2 BB A AL R . i T X SR AR 5 B T Bl B AN SR BURRAE
A] BE 2 FE 9 B[R] 75 20 & W B AR S B IR A AR . MHELZ R, IF
FE ST, WIRE M ML (DNN) U2 4 4% (CNNs) 131
KA 224 (LSTMs) U4F1 Transformer!!'Sl— @ F2 5 F2EfE 1 X — ]
e J7 W AR TR SOH. Al TH3 B T — il A X0 ] 4 J8 B 1212 X 4%
(Bi-LSTM) HIErHARIO), X HeHi R a0 5 3 5 ST A 46 508 Hh 3 B
PRFIE, MR FE R T FaRMERR I i dH oAb, XSGR 2 SRR
7F SOH Tl #5 A E SRS AR % . B, CNNs HARR KT 2 RERHES
BRE 7, R KM AE I E BB AEFEAMFE HUIRES (SOC) Tl 415 51 1 1iF
HHO7IOSY, SR7M0, BT CNNs XN FII 7 ANEBURE,  BR ) T HAE i
T IR, TEVEHEN R A A R AR D A, B TR A AR
A LSTMs FIJEFR ML 2% (RNNs) KA IESACFRN B, HAE AW
A& T . BE IR G TN AL A L (EEG) H ¥ S R 0 25 4 22 ATt 1) 2%
HRAFE] T IAEN, SOH s A i L st 2 i (0] 7 0 8, anri R AR
J SRS AE £ B 2 I ) (RS T AR Ak, [A] I SOH FHIAT 4% Lk iE B i &
B [E) P AR R AT 0 M08, R T 45 A S PRI 35, IF 2 i N R R
TIRABAY, 41 CNN-LSTMPO, & A0 m) 142 78 34 X 4 21T BiLSTM-
Attention[??, K ZFhBLM Rl A E — R ARG SEAR Y BE Sy . N T 5R SOH Fiil
PIHER S, &7 RAR A SR 7454 7 IR LAl LSTM FI7R & T
WJik. fEXzh, NS4 5] N LSTM K SH0R =, 3L
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U 7 IR SE LR 08 51 R S EA ) @23, S Ak g R LB T — A
Al4 CNN A1 TEEIR 90 (GRU)D 22 &7 48 syt () SOH Tl fih
EH A, CNN BN THFAEMECF, GRU  Ab BRI S sl [a] 0 4 i 14 i3k
ITREERERY . B G U A AR T — Pl 5B 2= S GRU M4 M4 1)
BT 7RI I H AR AR TR AT 43 SR A A I AT A 2 5T S
IV T A SOH 1B Fh g XERE), T k&% (2024) & T
G HIERSINLEIF GRU MM 2k, Hrb, BERE MU T3
SRR AURAERE /1, GRU H T AbEER (8] F7 51 £ H 200, SRTAT, X LeH A7 d
WRUT UM RS2, HA—EaER P HF RS AR
EU TR B Hm SRS A Y T 5, /D A S0 i BV S A6 HL B K R AR
ER] I G 4] I %t ] s B 0 S 2 RN — o T St A R A 2 H RTBIT 9 A ok
B,

1.3 BXABESEHRH
ARSCHEE T R SRR SN, X R SOH Al THEEAT 1 4T
T IR T EE T AR AR L 5 ST B =R 5k . AR SCHI S R 2 HE A
LE
1) % 1 BER 7 REHE R ETE S FEE A M S IREAT T
A
2) 952 BEH AT IRAHLHIE) SOH Tl 7%, FRA/ el 1A T
BB 73 T3 RE (R 8] e 810 A2 s A S XS ResNet, %6 49 2k b it
T 7M. RIS AT TR Z 0, Il SRR R A
AR
3) 3 EfRM 7 ET v BEdE R SOH Tl 5%, 4 13T LSTM-
Attention FJREAY, FEXHAERIEAT 1R ZE 70 M SR SR IE -
4) B4 BAE TR T EHS AR RIS SOH Hlll 7%, MR
FRUBHEZE v, BRI, BURREL  SERRIGUE DU AN T T AT 1
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258 ET1RUHLEIRY SOH Tl 75 5&

2.1 SOH WItE%XENX

H R EEWHL T % SOH [MAHCE . SOH fEHhE BE R4 B2 —
S W R AN ) AR, T i B AT FRth AT A SR A MR REXT LE
TE—MEOL T, A HIL SOH (A 2 F & 78 5 A BA R K 1B D8 .
WIEITHIA I, TIERE. FerCR. 53078 AR DL R VR B
2, HA AR L SOH {H. # rEithiY) SOH H AiE I Ak 2 Jr Uk 1Al Al
s, Hd, WS A = D RIS SOH & i s s . 54b
— e R F B FRE A IR T R IR b A S BT A e DA BRI H
PO G A ATIESE . BB T Fb ) SOH {i nT LA F & s A SR Ak & Al
Mg . #EENRK SOH XHLEH 54y 2 X EENIEH .. XM
ARONH P REE T TR TAERES AT L2, FIB X T i
fR R s TR A 5 A O T e BB . 24 SOH R /b B F- AN i K, 7]
RE 7 Bt — S8 AT 2h, W T 3 F b B B TIE M 4EY TE. SOH &
WEAE 2 RARR, T2 AR 100%E, BRI AE AL T 5 ek
BAERPIRES . fEEESLtid A2, W B e SOH I BB KAl FaIth I
fERERAS o X L b (B ] DA% FE S FH 75 SR it 2R 2 AN [R1 AT R . bt
Ui, FEHEINVKERH BT, — B SOH FHKHI KL 80%, B A& E
R BRI X e, A EE, SOH 4 T — M Fh b Il G
REfIFabr, XA BT Tl b i Ay, o e (T i 75 LB e s ge 3 e
SOH ATzl 2-1 338, Hirc, AREHATEE, C, . AREHEECTEA T
VIR &

SOHzC‘"'“¢nt (2-D
C

initial

2.2 TR B R2RIETE] R H I AR

HERTHE R, R R IR = 21 7k, #2 safid i ok A it
TN, BRZFiETE S, 7F Remlinger 5 (2021) RER T, AR
H—Fh TR FE  (1t6 process)  FIVAR FE R F7 G A A4 4 AT 18] 77 1) A2 il s
PLEE ML 23 5 R B 2R S 000 7 F2 o 12 2E B3 BE 0 70 vEAf Ak v B 8] 32 B
AR, IR R Zh &S o AW FT i TE B AR AR v 2 % ] B DA
TAbE CRP g vT Do ds i), HF H RA R . Nk, R FOR I
B 8] 7 B B S N B S SR, 8 015 2] — D sRe i Ul 1 &
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bR AT IXIUESS AT REARBRT, BAREGR T P S . 4R AN 7
ATHITZAR o
2.2.1 fRERIETE

¥4 E — AN TR) 3 8 B BRSL Rl 0 AT RS, A% TA) e 21 Al o — 1> B
mrm%)(:()g )i:l.__NE”’*NL M= R X, e ~IFAR, IFAERS A
T ={0=t,<t,<...<t, =T} LW, RHFEELL, £, Ktk
B IR RS 2S5 501, IS /IR Ar o B EUN TR A A N & AT DL
B S 2 1) B2 [ At i A X b B -

dX, =b(X,,t)dt+o(X,,t)dW, (22)

Hp, by " xS RERIL o T xS M T HU, Wt
A d BEATHES . RSB b, Mo, i Lipschitz 4, I 16 5 14 {7
TR (2-2) FRHIAFAEVERIME—1%
222 RERRIFRIA

X z(Xt,_ )Z_:]___NE@Jﬁ—i—i%Mﬂﬁﬁuiﬂ%ﬁﬁ (2-2) FRYIELE [ Hh A,

- HRT BRIt R A M AR BRI g SRt KA A

X, ~X, +b, (ti,th_)At+O'X (zi,th_)AW,i (2.3)

Sostt (A7, ) S HUISE RN N (0, Ac) BNV RE. AT RO i i
o, FE3I NI RS L R R . My, = 0TF 8, MY = X, R
I FEA, BAATT AR

Y, =Y 4B (.Y ) Ar+ oy (6,7) 2,

L +At

(2-4)
S, 7, RN (0,0 BUTIRIAMIBENLAS R, I FLERECe) F1 o f& il
S5 LI O BRI B AL . B ERR 22 31 B0 R o, MRS ¥ A
X AT BT . T IZE b7 1 o [0 ResNet BB 2625 2.3 T A4,
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2.3 ;37 ResNet
Vo, = %, + b(ti, %) + 0 (ti, xy,)z

b o

f f
Linear Linear
f f
RelLU RelLU
<_|}9
| |
Batch Norm Batch Norm
f f
RelLU RelLU
f f
1 Conv 1 Conv
f 1
Batch Norm Batch Norm
f f
1 Conv 1 Conv
f f
ReLU RelLU
f f
Batch Norm Batch Norm
f f
1 Conv 1 Conv
I
X

2-1 BENLISY 7 FE-RU S ResNet F 7 45 1y

ResNet 2457 (Residual Networks) J& I8 5 27 ] A — il o il 2
HZ N SR & 25 200, Ho 5| NIER 2 52 SIHLHIAE RO g2 i 1 1%
RIR LN 28 U b IR A0 IR R, AT A5 45 Do 26 (1) 2R B m L K i i 1
T AN 5 FORE RS P BE ) 5. 35 T [ 281, ResNet il D f Bh ik Z=H (Residual
Block) K e IR IR FE #0480 25 75 27 ) [ Brad 21 R Ak n) fE . A& 48 IR B T
AR H EHOE PR, TR T e AE I AR iR R B D E R,
T 45 A W 2% ) DI i i B OR Bk R . AR Z2 B e SU7E T ek A T Skip
Connection, 1XE M 0] LLFE— & WE T _EERALSEEER, A /1t
LT RR RV 9 DA B A FE BRI ) 0] o R R BETHARAE T, BV Y 2% 1) JE B
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BRI, B RYIZRE AR OREFAR S, R G 1 I i 22 Bt o DX 4% O
FE BRI B B &l e FIk, TR T BT TR, FRZEM 4R
PR = RS M. ResNet HLAFRIRTT LAGIA N AN R DI RER BT, dEid
PIX LT RE U B — T, BEEHEHL I I H P AN IR IR BE 2 IR I I 28 25
Mo ELuni, ResNet-50. ResNet-101 DL ResNet-152 X SEAR Y (s 7
X, WiAg I v HE S A R EE TR E PR FE . IXFE L EAL B TH A
ST M2 Ay i, AT 7T N G2 Be % 5 (i bt 4T X 26 45 F4 1)
RZEFAL . TR ZZ 28 (1) 5] NATAF IR L 27 ) B R AE B R 5 Bl 25k
NTTRE,  [FITE OR B R SRR SR U BE 1 0 [RIB, 3@ 7B vz A PR RE o
ResNet FITHAMZEALT CNN [ A S8 0 A B (1)~ 72 AR A R &
AN N i N B AR AE I BARAL B S TR X — RV T SOH Fiiil AE &
AA], F A EAARRR A 0T 582 7 b ) A [R] A i 8 B B R I R
WAL, RIS S ) A s P B s g A R L, T ResNet X g s AL 5
WA BB, (AR SR — B N M B T T SN AT AR . Ak,
Xiong %5(2023)3&1E T ResNet 7E2E Hiith SOH L6EAT 55 b i &R,

BT PR E, ABFFEE 7R 2-1 FrosfA3Z ResNet (Double
Branch ResNet) X2 2.1 F5H &1t MIBEHL > 7 R AL AT I 2R, A
FEAT 50 35 IR BE LI 53 77 R v AL T by Ry 800 0¥« &> Branch
H =2 B Z L ReLU BUE REUE M — R4 24 %, &—> Branch ff]
LAE-ReLU E-ZEZ AT B M —> 1-Lipschitz K%, Branchl 157 AbHEf
EMEER S, WHRAEIEFZ T, ] Branch2 fEALFEBENLIESS 0, 23RLLFEAL
W, X AR BOIT, AT SE A R T IS TR A0 B R R B AL
YW B 5 R R . AW TR H RS ResNet 4L 45 ] R N LA R TE
e

o HINE: h0=¢(Ax);

o WEE: hl=¢(hl_1+TVVlh,_1);

o IEE: hf=¢(VV,hf_1):

e Branchl #itfi: b =h, ;

o Branch2 #ith: oy =h, ;

o HUR: ¥, =Y +0] (5,7 )A+a) (1,])Z,;

o Wifith: Ae~™HIW, e M TFI=[L], HHAFWHEATT
EABIRSLRAEE N (o,zjﬂl N [o,ijo

m m
Horb () N ReLu G AL () = max{0,-} » AR, REFALEE N1,
Kt xe~'s HEERGHERREEm, Wity e, Hii=0,1,..,L:
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W 4EREE Ty 1, Btk ye~'s ABUERTRIME N g, = Ax, g, =h  +TWh,_» H
F1=1,2,....L—1. Hh Fox=5N &N x, 51 A F1E

2.4 sk iR 3

FER AR R BRE R 2O, S 3T i, X ZEAAE L&
AT E S [ S5 M RS B R 2 ) Se B — 7D, BRATARLIZ A RET

ST, ORI ¢ e T WAL (X, )~L(Y), #IFARRERE
by=b,%o,=0,. BIU, FEAIERE 0,00 HbAr=1, -1,

1

5E X b, :(t, x)—>_A21x, b, :(t,x) >0, HIf o, (t,x)=0,(t,x)=1% i
~ HKAL, IXYE b Fll o 42 Lipschitz I SE [ :

by (2,2) =D, (&, )], <K x =y, (2-5)

B, (1.0 = b, (. 9], <Kl x=»1I, (2-6)
4N, A
X =0, X =& X, =-X, +gX

=0, Y Y +é&,

o g el ~ N (0,Ar) 72 iid 1. 2 Xu“%ze{o 1,2}, ﬁL(XQ):L(Yti),
@mE(X X, :z)——z;«tz—E(Y Y, =z)

AN, fkﬁﬁL% PRI O T, AT LA R ] B A 2 S
12~ FREREAR, (HIXFh RO R N FEAE R R . 1E Yoon etal.
ECE R TR A, WA R T AC LRI B 2%, SR S S BEA AT
M&,, )&%M E70 o0 W AR WX 28 T sk 1) S 255 VEE A PR i 3R 301, E AL FR
i8] 51 R S M i, S BE Rl 3 T Hah el B & o A R R dk 4T . A
T IR IX — A, AR R AR T Gelbrich 257 5] A\ Ff] Wasserstein-
2 BEEAE NI AP, FIEy, FIFIX— 8, AT RE AT B s
R E AT NIR NI VAL A48T . Wasserstein-2 55 [ E A 0 K

W, (L(X),L(Y) =l E[X]-E[Y]|l; +B*(Var(X), Var(Y)) (5.7

1 1/2
Hr, BJE Bures E &, I?X?'ﬂBz(A,B)=Tr(A)+Tr(B)—2Tr(AZBA2j ,

EHTIEEMEME AR B2, i X FY @2 iisrAi, #4 Wasserstein-2 ff
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BETLABESE XN W, ASRQ IR T M5 2 4 B S JURTRHE . S5t
1T W, T 57 R0 52 (S 5 R0 K T XA

2.5 RES

251 ZWRESH

T i 28 ) 26 A5E 20 R AT A4 T 1% 22 1) 49 B s o B A HL A S B 2 A 3 ¢ R
PERER I O B2 . R B L e MR B s /NN 2o #2 b 1R 22,
HZ AR Z A TR W Oz A ) BARR I, BRI BT
SEFR R AME R O Fa bR . IEIEIRAN Mz AR 22, B8 T N B A A A
i EME S REME TR, XHE—DE TR SRR
PR . AT 7R T Rademacher 5 4% & X — i s AR A2 A iR 2 1O =4k
Tk, R AR AR IR B RV TR, R TR e
RITERENLEE 2 e e R . B4t m AR AR R SRR AR 1 5 N RV,
FAE N BEALE R, AR HZ LR BT BE IR AN EEAR, W R AV R,
X ERE B B R I T TRV, DR B I8 A E A B A B R L £
e BTXAMMA, AXHEHLITHER:

Hi 2.0: RixGE—DWEFH d FEAR, R —DHHL N E
X=(X,) e, WA X,e FE M, M WM
T = {01, <t <..<t, =T} LALBE. [ 04 52 BEAL AL 5 7 B2 -3 2
ResNet A F A28 FT IR, RN 45 5 B0 & K — Lipschtiz %A%, H
B JZIAEFEFER) Frobenius ?@i&”VK”F%ﬁﬁE"J, W5 5 B R AR

ZEILF AT LIRS A -
Ry (F)=R, (F)+R, (F,)< Lx\l/(%(d) x(Cp +Cpy) (28D

Hd, F,, F,#RF FROENE, LABREL, 4 NERSHE
%&7 CBI’ CBzy\jT%éﬁo

SERR: X T HUREE {(x,y,)] FIERHKF . Rademacher 448 5E X
R (F ):Ea{sup%ioyf(xi)}

JeF

(2-9)
Hr, o, /& Rademacher USZFENLAZ &, HUE N +1 HMERASE . MRAEIRE

-9 .
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MRS, X T X5 ResNet 1 [EE—~70 50, /2 Rademacher
HIRPER AR Ry

1
Ry (5)< ), o
Her|w || iz BUEIERE W, ) Frobenius %k, ik || 2ZH 7, B
7, <C, CANEH. H2XTHA Branch, [FIKSHAE 5 EL L,
Rademacher & 7% % 1] LIRIR A :
< log(d) < < Lxlog(d)xC
RU(F) < HD S L lHDC
He, C=max{C,,C,,...C,} o MAXT AW Rademacher &N
Al —P R RN

Ry (F)=Ry(Fy)+R, (F;)<

Lxlog(d)

JN
BT 2-8, ATDAMIEME 2, BEE MR EE B IR, AR
ﬂ(ﬂﬁfn'{% BHTIE N, X /i"‘B'ETﬂU/\EI’JﬁiM, F R E T AR
ﬁ&ﬁt)ll ZRBESIMIPEAR. k¥ Zhang SERIWETCRM], EXT ResNet #EAT

P T<TE/] HOLR, BESORIE 240 AN 2 H IR PG G, AT Al £

W LA R AR I S5, T 2 B R R B RS TR o K S
J%ET—/J\%XMS%Hﬂﬂii?—%ﬂjﬁ@ﬂi ResNet (11l 5k 1 P47 45
BT U — 25 SR I8 2.1,

2.52 TRENVISGFREM S

B 22 (D — AN R idd A, 3R — N BE AL
X:(Xt )l L e~ ", H X, e~ MR ZEK] Frobenius {EH |5h,|| . 24 FH -
R 52 WML 4 7 F2-R03 ResNet MR 10 2.1 TPk, FLASAL i
) SDE 3 2718 (2-4) HIE, H—E%%%EEEP%ETS\/IZ Mm% e

AR Ry Ayt 32 5 R] LR IR O
| 2, <1
|67, S(e‘lﬁ +\/:e°2ﬁ ]n x|l NO[—)
" VL (2-12)

WERR: B SESext A ResNet AALEAT 704 (RBLHIARIIRZE N Sh,»

X(CBl +C32)

M

- 10 -



W) 28 st e 22 B I 1 B H % 22 1] AR IR N
Sh,., = &h +W,5h, (213

T |w| A7, el
|oh.l, <[5k, +z|W5h], (2-14)

BORBCE R PR RS 7 B || <o b e 2 —AHEL rTRE 2]
|5,

(2-15)

T LER#HES, BEA%ER (2-15) Tuﬁiu
|on, |, <@+7c)" |6, (2-16)

\/_ P A, AT PAIS 3
1+LJ ~ eVt
( VL (217
R, i ZERRZETT AR RN

|6n, ||, < e |oh||, (2-18)

XFFASCHR R SZ ResNet #5755t Branch1 f)% HH iR 225 64, »
U368 3 B 22 B A R 22 ] AR IR O
§h1,1+1 = 5h1,1 + z'1Wl,15h1,1

(2-19)
[A B 5545, Branch2 f%H = Z 1] LR IR N :
5h2,1+1 = 5h2,1 + Tsz,léhz,l (2-20)
EEND S SR IRZE URRA:
Oy = 5h1,1+1 +z- 5h2,1+1 (2-21)
R (2-16) BUAE /M LM AR AR
L
|| < (1+2c) W oh N (2-22)
L
HéthncthH <(l+2,6,) 1 Skl (2-23)
Ehﬂ:’[ < , 7, < ﬂ:l:ﬁ
A
Hé‘hBranchlLH S eclﬁ ” 5h ”F (2-24)
[R5 <€ 1l By (225)

B2 R ZE B ST USRS -

S 11 -
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[on, [, <& W Skl +1 217 I Sty I (2-26)

HEB R Z RIEA, TUSUnE E[|z,[]=, > Bt
‘ V4
fiiit 92 LR AR

oL 2 oL N 1
|w@JFs(e L+J;; L}hﬁﬂFNO(jfj

AR OR T REE AR LGN, B A 2 DU PR G, T
TRAE T AR A e PEATIN R RE A P HEE, — @ R i A 1 I 05 X
552 o

2.53 BEILM S FIRETRED R

FH T~ 25 T BE AL 20 J7 R RIS TR) 7 20 A Bt D AR BT 52 2 e 4% 0 PR 28
By, DRIAHIE SN A B AR Y AT R ZE B A, N A BE L5
J7 RE A RS TR Z AT AT
fE 2.3: BB SDE W 2-4) WX, Hop, (1.Y))™HAIE, H
by (ti,Kig)EPYelﬁﬁEK Lipschtiz 54, AR RBCER T b, MY #0 o, 15 ¢,
AT o (b, ) Eh K oo, )47 A, W4 SDE MR i LR

(U-I_Ax+2Ax)log(2/5b) (\/i+2Ax)log(2/5U) 3
['J,mlﬁ At + At _

2N 2N .

(2-27)

SEBR: 45 X SDE BTl b, A BT o, 15 1 IR % o (b, ) M
Kee(o,):
e, (1,) = (1,7) =5/ (1,.Y) (2-28)
e, (1)=0y (1.7) =67 (1.7)) (2-29)

T e(b, ) AR e(o, ) A G, We(b, ) <M, |e(o,)|<M,  Matis
Hoeffding AN550, AT IXPASA FMSLRZE, 7RG HiRZE RStk

N

b

(2-30)

12 -



N
P iZ:eg(tl)zlg <2exp —2le;
NS M, (231
&b%&%%%@=2m%—a§J,%ﬁ%wﬂﬁﬁ:
b
.
log(8,) = log(2) - ﬁ‘j .
b 2-32
B LA
— ZA]:[]? =log2-log(d,) = log(éz)
b b (2-33)

2 ,
TSR () = /%}i]z/@)o 38, i&aaﬁi%%ﬁ;%aazzexp[—zﬁ

e M?log(2
2N

E|

Z

i

} = \/z DRI T BTGl 705 R D I 1) e 97 A i A iR 22 A
T

U i(em Y)+e, (1.7,)Z,)

\/MZ log(2/5,) \/M log(2/5,)

7 (2-34)

8 #& Remlinger %5 (2021) %4 W 4518, MZ:[};tAx+2Ax,

M} = \/A:[ierx’ DAL A AR R TR 22 ] ARE — 20 5 fi -

’ U
(U+Ax+2Ax)log(2/5b) (\/7+2Ax)log(2/5o_)
U, <y A 4| VAL 2
S 2N 2N T

2.6 SEIGIGIF
2.6.1 #IEXKIE

& 2-1 Oxford i M IA 5
S 13 -

),

Tz, AR A A A, R
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Dataset Cell No. Charging Discharging Cycles
Profile Profile

Celll CC-CV Artemis Urban 82
driving profile

Cell2 CC-cv Artemis Urban 77
driving profile

Cell3 CC-CV Artemis Urban 81
driving profile

Cell4 CC-CV Artemis Urban 51
driving profile

Cell5 CC-Ccv Artemis Urban 50
driving profile

Cell6 CC-Ccv Artemis Urban 50
driving profile

Cell7 CC-CV Artemis Urban 81
driving profile

Cell8 CC-CV Artemis Urban 81
driving profile

AHIE 8 T ide FH BB B8 O i AR S UCEE 1Y) Oxford Battery Degradation
Dataset. W13 2-1 Jfizn, AEIE Cell SRA N3 ) 78 F/ 780 g DL A I
TEARKEAF, BT

EEERZEM A T A Kokam ( SLPB533459H4) 4 B 1 % £, 1 b

(OX-x), FAHIBFRFRZ RN 0.74 Ah (Horf x FoRr iR 5), #HTK
HIR IR IR . Dy ARSI T A IS O, X\ AN R HLAE 40°C HY N
P E N E L 2C EAR TR, JRE s th &7 . v 1A E Ft
HIRFFA R, HIBAES 100 RFEHURIEH G, RAMEE BRI SR BT
M

2.6.2 LiL=E
BN RB TR, BRI S M O bR SR B R 4 ) 25
[P BETR 4y e — HfE T &ML BAs RRRED, HAKS T L
A BP EIEALAAR AT B . AP RH T Adam fifbds. H5HARR
e Zs i BEALEE L T B (SGD) MR A& (RMSProp) AHEL, Adam 45
%7 RMSprop FIZ I s, TF50RE B B8 5088 31~ 348 UL KT 5 66 BE 1)
BEFE B P IME . IX PPV Fu VX 2 ) e AT TR AN R, B RETE AR
e @
7E Adam Hik, HRSEIGLRES 3B, 1Xn] DU F R
AR B R R U SRR R . T35 0 Mttt A gy
T 2-35 - J7FE 2-40 Pow:
oL, N oL

S i | (235)
06, 00

q

m, = Bm_ +(1-5)g, (2-36)
- 14 -

&,



Vi=BV., +(1_ﬁ2)g12 (2-37)

i, = — (2-38)
l_ﬂ]

A (2-39)
-5

0. =06 —y—t (2-40)

Hrp, g BN 0 MIFEEE, WEFERBMBUTRMRBE . (&
AUATIIZR I . m AV, 53 ARSI EM HE NI g B &M
MNMESE, BEREN 0.9 1 0.999. T BB HE, m MV IEYILE
g EIEE AT /N IEET 0, FEUSTFMZ. A T IO AN R, f
o RV HATIRERIE. y R¥21%, e R—1FRERE, HT#5%s 8
N0, FEALHKE Nle-8.

2.6.3 YL REE

MY HE G R B U BT A R sR S R L, AR A T A SR
) 7 51 B T 52 S ) I 0 TAL BESREmE , BIVEBh &S 11, ASHIT 58 K B By
TIE BB B i 7 SO i skems o BLAACRE,  ASHIF 70 R b — e % )
SOH ¥ilE1EN%N, FF—mZIK SOH BiEliE Nbr%s, BAAEIIER W
e

Vi = Xun (2-41)

Gy 7 R IS R (92 A g 77, BIZE TR0 AS 5] 5 5805 78 s el 3
W ) FEL v SOHL I (R I, AR SCAS A HoAth Cell fE 0N 2B, 345 H b Cell
YENIARE AR (4 Celll B, RH Cell2-Cell8 1E Nl Z-E ) .

15 58 BB AL B DA RN SR8 R 2E 3 )5 , BE ML o 7 FE - X052
ResNet BT iIlZ4E (SOH i) AT H L% B BENLRL D 5 FE-X5E
ResNet HZ#0dE T Adam LA #51EAC T #Hr, DL Wasserstein-2 FH S 1E ML
Hir. SLIISGEERGEINEE 1 R,

Bkl BT HE-NX ResNet 8 &I 25 R0
Bk 10 BN TR0 ResNet FrBS 28I 2SR s
WA BEAK y, g batchsize, 7%‘:2%
wiatk: g (FBHLER)

l: while Not converged do

- 15 -



2: for 4 =0..T g4

3: R 2~ N (0,A¢)

4 j/;k)<— x, + g (tl.,xtl )At +g, (tl.,xti )z
5 LW (L)L ()

6: 0=0-V,0

7: end while

H: p

2.6.4 TENIBFR

MAE CE¥4axtinzs) I RMSE (iR z) T i-Eftit % SOH
MR Z . 7E55 kAR T, T SOH Foxk 3, EHSZH) SOH FmN
y®, RMSE fl MAE #5200 F -

RMSE = % \/ﬁ:( B — @ )2 (2-42)
k=1

MAE=%§:‘)~/“‘) S a (2-43)
k=1

RMSE H T 115 TME 5 SEBRE 2 (B 17 2 - 5 iR 351E, %07
ERNASTE B E R ERUE, JEE T RIS 8+, RMSE KPR,
M F iz RIEPEBE T T B . AT MAE J7 3230 1 S Tl 4 Fn s
PRAE Py 4axt 22 S P 3ME, XA ] DR BT A R Z AU AR TR, B EE R
A . MAE {ERAK, XA EWEEREZEARTISIN. RMSE 5 MAE
HBAE T VP AR T AR P T S S 4, e AR RE Bl R 2 i Bkase AN A 56 ot

o

2.6.5 SEWERS SR

1.00 \ —— pred 1.00 — pred
N target target
0.95
0.95
0.90 h
< AN
0.85 ! \

’ \ 0.85 .
§ .
0.75 Lo o \\‘
MRS
070 ‘_v\ 080 \
0.65 i
0 10 20 30 40 50 60 70 0 10 20 30 40
(a) Cell2 (b) Cell4

- 16 -



\ — et \ — et
AN
- JON
\ L
090 \
0.90 \
\_\ 85 \\\
\—\ 0.80 \\‘
= N
\\ 075 \'\
X%
3b A‘l‘O (‘! 1‘0 2‘0 3‘0 4‘0 50 6‘0 7‘0
(¢) Cell6 (d) Cell8

& 2-2 BEMNLIRS 5 FE-SSZ ResNet #E Oxford Ei3E4E EMRE R

AHFFIEEL T Oxford HHEEF I 4 DEHEEAIC (Cell2. Cell4. Cell6.
Cell8) TERNMIAXT S, Bt s RoT A Y, HBAAE SOH Fllf:5% L
KA. B, WEHEEE, BENY T FE-XGL ResNet B A il
LHESIMEREES, a7 REE 8, RoER TR
E@H%%%%ﬁﬁ%ﬁi 671, BARKUL, FUEZRE 222 i, BT
Cell2 4, B M G RMSE $47E 0.01 AR, 1 B A T R 1 MAE
WH/NTF 0.01, KRB ESE 2 S] LRI, EHRENE LR
FER A& S R PE . BeAh, BERLEAS [ G b i — 350 S R g —
AR T H Rz ALEE I RLE . AE AL Cell2. Cell4. Cell6, 7REL
& Cellg, XEHIAIHATHEN SOH & HtEH = B HER tE T,  JRIAE %
e B AR e R . X R 09SO T BENLRL 2 7 R - XL
ResNet HiRI7E B s RO & B A S E iR e tt. N—15%
HOGH R R, SEMAM S TR S5 ResNet FIBLAY %1, M
SOH TiIMHES 2 T — M M oaEE . WRHEAR T ERR TR 1A
RIBISEA 2 A1, 7ESEBrE i 48 RS 50 i ds Y T e el 3R H it SOH A2 1k
s 2 R sh A BT LR 3K AL

* 2-2 B T E-XSZ ResNet 7 Oxford HEE FHENRER

Cell No. RMSE MAE

Cell2 0.0118 0.0096
Cell4 0.0043 0.0025
Cello 0.0047 0.0054
Cell8 0.0065 0.0076

2.7 KE I

AREFESEH T — MR TR A AR A F i SOH I TIN B R . %8, A&
SR T — AN EE T BEN U O3 R B I IR P B A Rl o G A AR R I AR

- 17 -
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(1td process) SIRFERRF BRI, IX—IF 6] 77 71 AF plids D&t S 1 7l
JiRE, FEREANL T I SOH ARG I . #E, SUHEHT 7V R ISR, /i
27 X3 ResNet $ 88, 1245 Rl FIA'E 5T (8] P 270 5040 £4) A5 1 b EDURH Tt A 22
ZJa, R EWAEENL T, BIXGC ResNet B, #E4T 1 VR B0
RERPE, FHAE Oxford FmE EXTIX —HAYFEAT 1 SLhr) SLie s .

- 18 -
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$F3E AT HEHEER SOH Full 5 7&

3.1 =B

3.1.1 LSTM

¥
Erfe—e—ah®
bkl

(%)

K 3-1 LSTM Z#nE K

LSTM & —FiRFERIFIE T s 2 M 2% (RNND, "B Re 8 ib B AR fif K i
B 7 H0 S R AR ¢ & . LSTM @I 5l AT RN, 0T DA Rl i B
FERIIR), A8 v IR (ISR 22 N AR FFANAE, fil ik TAE S RNN H
TEAE IR BEVE R AIBE BEARME M R Btk 2 4h, LSTM W27t e vrE B
KIS (B A AL+, {15 LSTM REBE A7 21 h I TRAR A O 2R o XX
T HRE T AR, I A] 2 N A5 R 2 R A B S E B L
BHEEMZ, LSTM AR ENEIEHT PR, EH TIEL MR
RIS TR PP 20 E e . RE S E B2 ST TE] R 21 v ) 52 2R AR RO O R
LSTM Mgt 3-1 fon, HE=AFER] (gate) Hik: HiAl]
(input gate). &[] (forget gate) FHiHI [T Coutput gate), H T{EJF
Al @I LR SIS IR A
(1) &[T (forget gate)
STTRGE TR — I ZI R E 12 RS € TR ee (s B i E ki i,

EHH—A Sigmoid BRI HUR SZH -
fi=o(W, [h.,x]+b,) (3-1)
Hrp, w Ab, E*XE%E@*H’TEHEWE, h FERT— B Z IR TEIR A, x, /&

MHTHIN o f= sigmoid B BRI
(2) #& (] (forget gate)

- 19 -
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WATTOE T AR x, A 205 B EES N4 . B
WA ST i RUBT RO R I AT RS C -
i, =c(W,[h_,x]+b) (3-2)
C, = tanh (W, -[h_.x,]+b.) (3-3)

t—1°>"t

H, w,, w., b, bR EMEMANEE RS, tanhSE05 K.

(3) IBIZMRESEHr

AET IS IZAIMDRAS C, A2 F AT — I 20 IS IZ 4R MUIRAS € A1 ) i
HACZAIMOIRES C SEF e 1), BT

C=f*C_ +i*C (3-4)

(4) 1] Coutput gate)

B TTUOE TicicgREs C A 2 ME B R Em W, AT
I Z T BRRCR S A, o

h, =0, *tanh(C,) (3-6)
Horr, Al b, 2 AR P A B )

3.1.2 Attention #/13l

TEVREE 27 2], JUH 2 BARTE T A0 (NLP) 408 LA K i) 7] 7 1) i
sk, FANEIFA (seq2seq) AL —Fh) 2 A EEM), HTAES W
HLES B . SORRERAT IR E K. 8K seq2seq B HZwi%4s (encoder)
At as (decoder) @Rk, HAZmid2e¥ i N T 5 dwmid AE e KER LR
X, TSR EZ LN SomEE BTy, A, e K ER L
T E ARG TR EE ), CHGR R B E AR . [ e KB B R S
i R R P A (S, SEUS ERRAER T . AT Wik
IXUE[R ], Bahdanau £ ATE 2014 32 H T Attention MLl . 7E Attention Al
HilH, DA TR A B — N, A EA T — AN e K E R LR
Xn s, WA TR AT R RN E R R JIAE, shAAHLE R
KEVEINE S . Attention HLEIA SR THEAAEEKFHIMEE ST, EH U
HfE e T seq2seq P AIMATE M (peek problem). fiifE vl difis ¥ /2 fif
A E IRt 2 mT Be B4 2 B bn e 41, AT 52 e 55 284 A I 25 505
Attention AL T 5t #2 0] CUA LR i A2 Fh Ak

0 MNP X = (x,%,,...,x, ) FH x BHEZ - DAEERR.
XN TFI R A TOER x, , BT RSR = mE:. Siflg, #
k., 1Hv . ML HAMEEW, wh, wEr, Hi:

q. =W, k=W, v.=W"x (3-7)

1

- 20 -
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BN RIE I A g, AT B & HEAT RS R R 0 2

e; =gk, (3-8)
I S IR e B AT A, DA INEUE I R R AR e P, RRA 2
e e a

Tk
e = 3% (3-9)

ij \/Z
Hrbd R ENERE. SAEEH Softmax BIECK R 1008 — ik
oA, 1FENERJIBE

o, = L(e’) (3-10)
Zexp(eik)
=1
A = R E S I =3 AT IBCR A, 159 2R 45
z, :Zn‘,%"j (3-11)
=

E BVERESINLE] (Self Attention) H, A FH I — IR BEEN
i, MAENEAE. LRAPENHTWMAFINNE NI R, BAE
friz B A

Q=xwe K=xw*, v=xw" (3-12)
E=QK"/\d, (3-13)

A = softmax(FE) (3-14)

Z=AV (3-15)

3.1.3 LSTM-Attention

FERS [A] 7 20 P T A, SOH T A A — AN L AR 55 AT
% — M AL FE AL B AR LE P I (R AR AL . B £ s . @I T LSTM, e
WA A5 kb A 42 21508 B AR AR A R 1 DG TG . 2% SOH Tl £ 55 A2 2t
TR K BB kAT R, W kA, EREEEER. XEH
P — MR o F 8 A gR, R T — AN KT AR T 1M .
LSTM FH T EMA FITTHEHR, AT LA BEA i A7 1% LK 7] 7 44 st 2
P, 3T S AR U EE R ) A BEIRES

Attention 5B B85 18 i 7E B — TNk A2 Hh R 0 128 AH ¢ 10 B N B d
T — B3R AT 23 . SOH TIAE S5 H IR s AR5 J0 N 08, RN
HHE AE AN [F] I TR] A5 P e 24 B A RRARAS T R & e f sz, H R EL 52y
Al R L HAD PR 2R B 2 . R R IR FR SRR, B RE NS B O RUE H N BN T
I AN SR 4 A BCHE 2 g Ee il CRE B A st SR I OCBRAS B XD, @G oe 1
T I HER 2 . ARG LSTM AL IE I R 48 %0 N\ 7 51 R A1) ] e K R i b

- 21 -
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@ Output

Attention Linear

& 3-2: LSTM-Attention ZHIR~& &
N E, XMTRESERAMMEREE. S5, R
Sy AL A RCALE,  Attention B 05 75 5 U A58 51
HH R I R AT T SRR NI ORI 15 B I XA, R
TURERE IR BE 2 10 Py sl , U e 5 A TN B A S s, A
M e Wk RE . tbAh, BT SOH FAE 55 I B s, dArim A\ e 1 Al
H 7B B R 5 R AR B A A%  {H Attention J8 IR AF Tl A2 5% 5 ok
AR A T 22 B A i N B8 A S4B 2 1) AR DR A T BREBEAT BN 5, R OK
fa Al 1IN IR o IX AR TR B A 5 BE AE R b S 32y N\ 81 ThORS 25
T B R . ZRE VLB, ARSCRA] LSTM-Attention A B4yt
T B R B SOH TN H ok 5 5%, Hat Ed AR an T -
B et dE LSTM 4wis 45

h,c, =LSTM(x,,h,_,,c,,) (3-16)
Hob, x REAESIER LS (0N, b REBORE, o RAIRE.
Wt J5 A Attention HLHIXS BRI (AP BEAT RS, TSR RN [R) D
e A

e,, =score(h,, b)) (3-17)

exp(et,i)

~ Yew(e,)

Horb, score(h,, by ) R it & BEOBCIR S 55 A s FEURUIR & 2 TR R AR BLE DR

a (3-18)

t

-2 .
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gre FETRMRIEERABE, HHE N A E:

c, = Zn:amh[ (3-19)
i=I
W BRI B SIS BRsCIRAS A, AL R A T -
y, :Output(ht,cl) (3-20)

3.2 KR H

KRR T MSE (B 71%%) 1B N LSTM-Attention B8 75 1)I| £t 72
BT BB R BRI IR AN BRI 48 A FH SR VA TIU A 5 SIZ B 1R e 22 14
[ELAE R R, T S VA A U B i 2= 7 P F I 5 E . MSE
B&HTRSE, HEZAREMBITEER T, MitE AL E.
He&, MSE X T KHUR R 22 s H B = i UsbE, R BN R 22 7 2
KR HLAT 5 ot 22 (A i T 5 50 28 B 9 N 4] T 1K 2 7% )
R

7£ SOH HITMMESH, MSE KIEHE A sk M. B, MSE X
— 3 BRI BT DU SR RO DA AR TN YR FE . 7 MSE BHURAIH I
T, AT K SOH B B i SEPRE, o 1A 7R Tl vk A 4 7 T 1Y)
AfEEME . B, ERALIZM B, MSE 2 @ 18 S0 BN it 1 5
ZH, DME s/ IMETIINR 2, FHER AR HE A T 5 5. 29T, MSE
RS0 R 22 1) v P AR A B R TR TN e e v SRS T M [X 4 A4 IE K
(iR 2E, BEMIHE S SOH T i S s rf P N e e 1, A CRARI TR RE 6% M A
7t B8 B P ) A e P IR B AR R B . MSE LA i 72 3-21 s

NBEz%zx%—ﬁf (3-21)

i=1

Hrp, y AESE, P AARNIE.

3.3 IRES

AR T R FT LSTM-Attention #5732 AR Z HEAT 04T . ASCHKIH
KFTESS 2 & 210 Rademacher J7 LT 00, AR E LI FE 2-7 Fizm .
£ LSTM-Attention fB4 tf1, H Rademacher § 24 /5 F E 5 H S ¥ EH K,

R AR SO T S HOE 4T 200 . LSTM-Attention F7Y i = #7040 A,
37 LSTM JZ2, Attention ERI4EHZ. XIF LSTM 2 E, LSTM [
HRERERA THSHEMEE. LSTM A8HANT. BT, HHm
ERICAZ B, X st BE I 2o B e . BRI NLEE Sy m , [
ﬁﬁﬁh,mna—Emﬁﬁﬁ%ﬁﬁﬁz4Wwﬁ+wﬁ%%ELwM,

- 23 .
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SRR SN, AT Attention 2, Attention HLif| ) 5 % & - 5k
AT HAgMWA . RERZE4EE NL, SMEENSEEEN: b, HX
JE softmax #fE, HAGHAMMENSH . &5 RSERE, &N
RN E 4 h B R A o, SEEEN: b G55
f&, B CLE T R 2 R — B SRR R AT R

o LSTM JZ: BBH LR, BEA 4(mh+i®+h)MSH WS

%ﬁz%i\ju(mmhuh);

e Attention Z: ZEEE NI ;

o SEEE. BHHREN .
ALl EE N 4L(dh+h2+h)+h+hoo Rademacher E4:FiEH 5%
U IE L, Rk, LSTM-Attention #% %Y ) Rademacher 55 2% & n] DA{h
it

1 2
RN(FS)oc\/;log(4L(dh+h +h)+h+ho) (3-22)

3.4 LG IEE

3.4.1 VIR RRG

5% 2 TR, AT RIFERE LS TR RS A, 4% LSTM-
Attention BRI 2R, WBEHLIMY 77 F2-ResNet BRI — %, A $dis
sk Z AL PR o AT B S IR B, R, HRUR SR RE S A H v
PRV B VE R I S50, 170 5 6 R AT A v A Ak B DA BRARG T 5 T B
Vi, S5 EEEANBRB TG SN R RIS 5 2 EAHIFK RMSE
FIMAE, izt iiH Adam L4k 28 .

342 SERERE SR

1004 4 — pred 1.00 pred
N target \ target

005 \ 005 AN
\\
0.90 ) 0.90 \\
. : \,

083 \ 0.85 \,\
0.80 \ N

- 0.80 .

~
) 0.75
40 50 60 70 0 10 20 30 40 50 &0 7

(a) Celll (b) Cell3
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1.00

(e¢) Cell5

(d) Cell7

K 3-3 LSTM-Attention 7E Oxford ¥ 5 F 45 R

AR, ~NTHE—FI6IF LSTM-Attention #ZIfE SOH Til{E %%
RS, AR T Oxford H¥EEr HAMNY AN IE (Celll
Cell3. Cell5. Cell7) YERMIRX G, S2ibah Banp 3-3 i, M EE,
LSTM-Attention #7251 B A MLk 5 BB S E 3%, L PEEHES,
JEoR T AR AT R A TN 5 T 1 R RE . BUE SRR 3-1 B, ik
M RMSE it72 MAE WIMEERE, Fra SR oE X AN v 48 hs E 3L
H34/MF 0.01, FHrp Cell3 1) RMSE {5 0.0017, MAE {4 0.0012, #f—
IR T ASCAES 3.1 R AE SOH TS5 Esrsh B % . X
FhH ORI AARIL T LSTM-Attention BERIZEHH T i SOH AR 4k a3
FRiEEE S, R T HAERUEM S ER SRS . BARREEA (R
HLIB T OREF PO R 1, AR T H R IFRIZ R ). ok g Celll
Cell3. Cell5 it Cell7, LSTM-Attention 57 #FGEHE (RS 7 i) SOH TN,
VL T HR Kz ARE /1. LSTM-Attention #247F SOH TRMIE S 1tk &
FKIADh T HE5E T LSTM M Attention HLAIILE . LSTM A B Tk it
TR 18] e 2080 9 A KR < &R, 10 Attention ML AT DA 285 M i B A
RULEAS TR [R) 1 i B Oy B, X REANOKS A B T B2 T P00 P8 RS 20 e 12k

2 3-1 LSTM-Attention £ Oxford Z#E4E b EUE M 45 1

Cell No. RMSE MAE

Celll 0.0056 0.0054
Cell3 0.0017 0.0012
Cell5 0.0027 0.0021
Cell7 0.0053 0.0032

3.5 RENE

ARESRE T AT BRI A R SOH WU ik . B VEAI

207 LSTM 1 Attention AL f4 J5 B K HAE I 18] Fr 51 Hicdfs Ad 24 o 1) 2

e

» “H

EWERIHE, ¥E T LSTM-Attention #25 . Bf J5 X LSTM-Attention &7
AT TR R ZE DN, IRAE Oxford FiHE 8 kAT T SEIG 50 IE .
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FA4E ETHIRZATEESZER) SOH Nl 57 53%

4.1 FIRZRIBHESR

TEARBE T, ASCIRH T —Fh 2B s RS IR AWIESR, X545
1) I A= o) 24 235 gl S FE 480 e e — B E NE AR . 540754,
AT HIRESE R A G5 IR 2%, K BRI J7 F2- X3 ResNet A4
MM 4%, LSTM-Attetion A&AYAE Jy 2y A /2% o 3l i B85 Y ot AN ] 1)) X 4%
B, A SR NE R 78 4y R TR S A () SRR AR 34 T RE 7 . LSTM-
Attention VAFLAERHE T H1 50 H 09K BE B AOOC R AR DT 42 . e A A
SOH HlE AT B AN Sk, I B B R B 2UH e AR 4R 5 L) 7 1%
ML ResNet #5888, ead >k,  FEHLIS 77 FE-XSC ResNet A8 DLH 3= 5 [ 21
W SCHE R HLI [A] P PR AE A 3R e /0, 478 T LSTM-Attention [RET) . X
P [F) EL N3G 5k 1 2 A X % ) AR TR R R, 8 L e A 0k iy A\ AR AT B 4
B AR )RR

KA K-D SR F 2 Rz — T HERER TR IR ). 1%
i) K-D ARSI {5 AR [F] ) 80m -2 AR A A, AT B2 s A0 TUARARFAIE 1Y)
2, MMBRSIE R SR T Ty M2, ARSCHI 7S AR A
R, O BERITTRME RN, MASAEZ TR ). o,
TIN5 A T 2% 1R S A P 5 N T o AR e 7 R S L R AN [R) R o i
AT R, AR R K T BOMBY I AV, NTITAE A 1 2
P oAt T 3G T HARE HE AN SEE o 3K — T 17 200 o = 0T RE AR AL B B
2B HHIN I ICNE R o A SCHESR H A% OAE T HE M BENL 3 7 7 F2 -3
% ResNet BiAY%E] LSTM-Attention AR, HIaEAHE PR 7 &2 4«
RS SRR A OC R o XM T TR ) e A% AT 2 AR A TRY B A 8] FH 280 S R 1) 2 A
REJT, DTN ZE, $E K-D IR AR R R .

N7 R B R () N AR AR, R TR DA T AT R
e SOH IBIHETHE D=y [ k=1, N}, Hoolt y O Jom 5 ke AR
i SOH 1, HUTFZINTRINZEARE D, ={x©,y® |k =1, . N-1}, HHH
FEAREA X = 04— BRI, 365 H O 5Bk
ORI, ST AME L RIBEHLB FT R0 ResNet MU {E BT, D)
AR F, o R > R, 1B BT SOH iRk, 45E Bk
M4 F,, AR E—RVIKE F, KMt SOH 18 317, Hat&AXanirie
4-1 FiR:
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P =F, (X9;0,) (4-1)

F @250, N7 5T — 251784, DS ESHEMER. 7F
KHE, XORE (k-1 XIEHR M IEIAA SOH, 1fi 3\ AR BT L8 1E 5 k
ANBT IR G i, RS & IR TG . B R BT, AT
NS 4] Hp B R 2 (1 B RSS2 LR A A o ) B S

DAL T, AR B AT AR R . RS %d 48
Dyn = {5 1k =1,2, N}, Horbx00 ARERES ke YOI 1 B A6 1 K -
FEE R, BTSRRI R S R AR, X ) ATRETFAN
RATE R — A LA /. Rk, AHF 70 % B RS 12 32 AN S K N s
TR AR . IbAh, TESCPRERIET, (G FBOCIRHE ] RE 2 A EL
b B M B R [ PR AR, RS N AR 2 . O T B PRIX A 1) R
A RFETERLAL p (1 5 AP ok, BB AR HEL BT, ATV BR T REZE 5,
IR TF TR YR SO o T IX B 8, AR AL B AR R 2 A X 4%
WA UGREAR S, A0 Dy ={x©,y®}, Hrh yORRE k UEH I
SHH. BEfE, @S — R LSTM-Attention E NS, BESRS—
ANELEMST Fo iR > R (dRERFHERD), A FUh 30 R 5
SOH Z[HJH)R . I HH Bk AWM F, FTLASEHL SOH Hffiih. 2%
MR, GRAE g, ATRAME TR 4-2 AT

P =Fg(x*:6;) (4-2)

Hoh, 0, RFHEMBIISE, FORE kKGR SOH.
4.2 {RBILER

4.2.1 HUHRILE

TEES A IR ZRTRHESE h, ZUMRAY 5 787 2] SOH Bt A, DAk
TEEFEA IS BB AU E N BT L8 Iy, A2 158 B B 4 M £ SOH 1B Ak AL
N REF RN R . AROOEFE TR TTFE- XL ResNet ZEAE 9
TS AL, 55T RNN 9488 (1 LSTM 8¢ GRU) #HEk, BT Skip
Connection R, BENU J7FE-R3L ResNet A28 2186 BV R SR E
[Py, BRI A B A Rl A P S BRI OC &R . IX— @ PE7E SOH
fETHE SR 2 OCE 2, ROV A R IR 02 B V2 R AR 2% 1 A0 A A
AP RIREN . AN, BEALRLS T RE- XS ResNet AN A 08 19I5
FEIAE TR B, TR T8 — e FE R R EEAAS . 75 SOH T 1 52 K,
H T A P ERAE % S BURMIEE T RE B E AR, X — PS4 e 8
LE TR PR R AL, TSR B2 REE s . BRIt 2 4h,
AW T BEAU S J7 FE- X2 ResNet #ERY VR ZE BT T HIE 00, (AR
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o T A R R A B B (R PR S A 1, RN T AR R R T AR
4.2.2 FHE WL

AW FLikE LSTM-Attention A5 B E B AR 25 R R AR MR HE SR b (0 22 A2
2% o LSTM {E AL EEFN TR i 18] F7 20 5080 5 T R B0 i, R R R I
[ T3 WL RE A RUOR B AR D S5 08, AT e 25 Hh 0 K s [a) 4 st O
Fo (EHEAT SOH Tl iyt A2 A, FEyte i 7y sE s P 508 78 TR0 oK >R 1) fidk
PRGUTT T B A R EAEH, X5 LSTM R 32T 17 SR . 545,
Attention FIHLHEIGE T LSTM ) TAERI . Attention ML HESTHY a2 %
NJFFN ARG 7, X LA i BEORS ff HAS: I A is e A I B RS
B, FIR 2R IE . XA FIHLE]JCHE H T SOH, %1% st [i]
RUBHE T H A R L AN [RI B2, Attention ML BEAE B B i a2t H %) T
s MBI ] £, AT IE— 20 B SR T P BE «  LSTM-Attention 15584 7E A
FOEAE A R FAR A G R E S T T R I H 2, % T it A= i S 3
H R 2 SOH AR AR Ud, 1% & — MBI TIIIESS . Attention
FLEIRIMAAM SR T T B RE R e B 20 BT T M Re, 1T EL7E TURG 2
Ffa et R E Nk, Attention HLHIZE TR FEE AT 74 T i@
BERE ST, BT ASHI 70 BH A OINAS 28 7 A FEURE S BR300 i), e 1] DG R
W2 Il SOH T SEAZ 0o 8 37 & X G o, BRI a] DA
A LREIMAT R E S WA S, SHENBATIRN T itk S 5 ) ia 1T A g

4.3 sk iR 3

TEZ RT3 AT, A FRIRAWT T T ZUm45i5% (Wasserstein-2 FHES),
XN HUMB R B RN R LR OB . SR, FEAEZRSERT YIRS, 7
BIRCE KPR PO pR AL, R e 20 [R] i FE TN Y P A AR R . X TR
FLR] S AR R A AR O, AT SR N S AR 2 b B2 ), e
W) sz e A ZEOTAS RY F I AR TR . BRI, ARSCHFR T — AR AP s, @
XTI T R AT IS H R 8. AERNR 2RI, XA R R
PR ¥ EEAER .

PR SR ) A SR 1) BH 27 A ) 286 78 2 U1 2 b A FH 1) 407 2 pR B -- B 2K
R A S A0 2 o 3 8 pR R 32 H 2 T A MM 21 22 AR B R ) A
6, e I B BRI RS B TN o 38k I AN [ [ 45 Ok pR
AT R AR, A T — AR PRl e br, A BE AL HE A E 5K
FRAEH HESREUAIR BRI, AHE N UM A A 3 A GRS .
KPP LA PR R TR 2 A B R AN R A7 2T Y, S B VR FO0IN 35 S AR
25, N3 5 H AR 8 B Bz AR T .
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4.3.1 Ik

TEFSPBASHIRZATNESE T, JETRENL S 7 FE- X5 ResNet [T
£ AL T LSTM-Attention 2725 [ 25 1% H T4 45 0 2 48 S AR
W7 IS5 . ZARe O (RN IRAREE) 52228 2 A1 45
TARZERE, T SOH MR 2 5. BRI B T T 414
2 TR 5 2 A I 4 2 A B I F 25 0, R i /M X — ZE R SR
T2 A A 2% M I 26 T B 2 5] 52 2% F SO Ak, X — i FE AU 3 T 2%
P O 24 0 R RS I 5 T 7 T AR, RTINS L RAIE T R SR SRR B
R B IE 25 . BBURME A BUR R Bh 10— 38, BEmBAL
25k A, ERERIMAR 44 PR, Hih )0 K@
F, SRAF UMM L (158 & N, p30 R 24 28 R A L H

W =F, (770, (4-3)
Lo (G5 )=— S (50— 50) (4-4)
soft (yT’yS) N—l (yT yS )
k=1

432 f@ihisk

TEEB SR ZRIAE RN, HKPE LSTM-Attention F274: W 28 3E 4T T 45
FEITH N EEEAR BN 12758 T X LSTM-Attention Fiill H 1) 52
BREUE 5T I “REAREE” 2 R . %2 5] S35 A 0 M 4 AT
ok, SIS [ foe /M TG $HE 5 B S F SOH {8 22 1A) 25 R i H bR K
IR ) S A 8 DA S bofs P i/ #0325 TR 2R ) SR B, IR R T 22 A I 2 7 4
PR b 1 BN BT SOH fiHE AT T o A5 00 9 4% 1 6 R By
TR SRR, S B ST AT YR TR ) B 0t R RE B A R
. REERR AT LIS RE 4-5 THEARE], b yWERORES K N ESE, BRI
7 24 X 248 0 ST 25 ) R0 TR R AR A ) B AR

L (553 = 5 2 (785 45
433 Bk
TETHAE A R AR R TG, B H AT AU T 45 21 453 2K B S 24 1
AL EbR, HFERIF:
L, 5,) =l (Ir: 35 )+ (=)L (755 7) (4-6)
TEa EER b, BT E IR RS], AR Xie Ml Zeng (2024)
TSR 4518 B a = 0.5133],
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4.4 LG TEIE

4.4.1 KRB

ey e T

\
———————— N ! Student Network |
/ (1) Dataset Preperation | —_— = =
| |7 icion D
4) SOH Predict
| Feaiure/data colk | Lar Update the parameters by cmﬂ ( ) rediction
| | | —— Adam optimizer using Total «—— | | - ‘
= Loss < =33
o l | I T
| |
= raine jodel
| ! | Trained Model L |
I | | \
| | ! |
Data Pre-processing I 1 2) (n) | | ‘
| W) ) .
| Standardization | | {yS 1Ys l’ Ys } | | {SOH., SOH:, -~ SOH,} |
|
| | | \
| l Well Trained Model ————— .. !
| | \ / | e \
| o~ = - = = - — — | \“,,\ \
SOH data collection | | g . |
I ) I T (2) Offine Training—  ~ [\ N CrT ey J
| g T e T
| | — Pre-trained Network —— 1
| \
|
| | Update the parameters by |
. | Adam optimizer using Teacher
| Processed SOH Data I | Loss ‘
oy (2]
| (x, x@ . XNy | |
| I | Teacher Network |
\ P / N /

B 4-1: EEREAS IR AL VA SR T4 o 75

FEASCHE A FE T S S R AR JE A AR R, SOH il S R K
BT MDA ER Sy BARAE RS BUM M BRI 2R A0 I 28 11 28 )11 2R Al
SOH T, il 4-1 fizw, £ FRASOWG XS &4 HEAT ik -

(1) BIRHER

TERAR WAL FE T, SRR AR Sk B TR A AR 78 H R P 301
Hth, PEYIZRETAHE 7o Hd AT 1 R PiAeE#E . Bk S, ST T#
2% B 26112500 SOH SBRAGEE, HEdREmid i, Py, =x, 1
R BB R4, BEEIEARA AT ISR, Hk, TR B A 28I 45
MR ERE L AR E G, BEEEE N AT YIS . TRALEE I F2 16 1 40 41
WAEEE 2.5.3 FIEE 3.4.1 FirRBHT 7 VRANULR, S48 T N RO AL I SR %
B TR 0V O A T

(2) #HITMI& B LRV %%

Bym v & s i, BT SOH B Ak H s Xof 20U WX 25 3k 4T 58 28 I 25
i Adam AL ESIF DAZUME R R B AR, X B0 W 2 (1 Fir s S 50847
EREH . BN EIEERE 17T T .

(3) FAEMBELIIZR
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Bk 2. PAEMEERIZGRERE
Bk 2 FENBELIZERRK

W\ WIETTIEAE D, ={ X%, [k=1,2,- N}
Wbl O (L)
o AF Dy, ={X%, [k=12,,N} B Bl B B8 SR

D, Z{X(k),y(k) | k=1,2,-~-,N}
UREE TN ZR BT I 2% ()24 6,

2

3 while Not converged do
4: for each batch do
5
6

¥ DI F (195 50
A5 FOMF 135 0

L, « S w50y
soft N—lkzl T N
. 1 S ~(k) (k)
8: Lhard <__Z(yS =y )
N3
1 1
9: E <_5Lhard +ELsoft
10: 0=0-NV,0
11:  end while
Wi p

BRINGERIE, TR BUT N IS BpaRss, SR amId IR
SRR EHE X 22 AR 2 AT I . RN R WE 42 Fios. PR
batch, AT batch %242 /4% (% H T FIE N AL NBIZOM 2. 2R )5,
WAL, GEIE AR 5 MBUTPIZ RS i HAA D
MRERR L, GEE A 2 i 4 g PR S y tH5D SRt B Sk
Lo ZJ5, i/l Adam oAb #8505 B A4 W28 (1 25 DA S/ MU R 2R
L, o FERNAEERREEINEIL 2 PR,

(4) SOH FR#

X 2 A W 2 AT IR 2R 2 a, RIR ISRt i 2 A X 2%, g Ab 2 4
100 JER s 5 o N 28 ol At FE B Y) SOHL

4.4.2 TN IERR
T AESE 2.5.4 R4 R RMSE Al MAE #F, N T #E—BE B pTH
) 5 AR R R A VA B A R, AN AT LN T AN BN AL 48 R, B
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(b) SDE-DoubleBranchesResNetfor Coefficients Learning

Residual Branches FC Coefficients

Teacher Network R—> R E/
son s cally T, || 4 3
— et 4 4 :
= - ->b/<—
ASS B - B

SOH
°

Student Network (@B @\
Feature Data (8 Cells) =—————————> —> — —

Data value
° °

LSTM Attention FC
(a) Data Preparation (c) LSTM-Attention for Feature Learning (d) Loss Calculation

K 4-2: ZAE MR ZR B E
RN BRI s A U088 . X EIRFRE NSRS K-D SRS AH XS T3
L LSTM-Attention FTEUS PERESR 1A J7iEH . ELEY 25 1A RO
AT EIE T AEREEA (&), g HputESE (&) DRt 0
& (&) PFBATRIREG R, HRME LT T EEAT I E

B8 (Direct Gain) THHE 7 UL fabr s 5 it iy
MEZR I FRAR S SR A 2248, B IR P A 48 pr A ) B e ok« et
HARXW AR 4-7 Fivw:

Direct Gain =¢, -, (4-7)
AR (Effective Gain) 57 A% 0 A& R L2 1038 2 A1 R 0T
MBS BI AR AT — B G AR T B, (3T T v E
FRZR TR A AE SR TR RE T A Rtk . et S5~ 3K 4-8 PR

Effective Gain = 516 (4-8)

3
M ERRAAT O a . BETS TR AR SO 15 5 25 RN R 78 TR A 2R P
KA1 E 1 23 A BEA
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100 — Ref 100 — Ref
—— Proposed Model —— Proposed Model
f === CNN === CNN
0.95 “)ﬁ‘},‘ —-= LSTM 085 —.= LSTM
e Nz LSTM-AlL LSTM-ALL
' 3 =—-= CNN-LSTM 0.90 —-= CNN-LSTM

SOH

S
0.80 AN
0.80 0.75 \WW 3
ik
0.70 v
075
085
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Cycle Cydle
(a) Celll (b) Cell2
1.00 A — Rel 1.00 — Rel
W —— Praposed Model \ —— Praposed Model
K A === CNN e === CNN
s FTSRYA LSTM oss | F N, LSTM
H WA A seeer LSTM-At o - 1\'\] T seees LSTM-At
' .- —-= CNN-LSTM o N4 —-= CNN-LSTM
EAYY s

(e¢) Cell3 (d) Cell4
K] 4-3 K-D HEZELE Oxford Fd4E FIHALE R (Celll-Cell4)

SRR, FETANZMAESL A 552 PR SOH M ILHL & & &, 2
ZAET CNN. CNN-LSTM F1 LSTM-Attention 155 &5 1% 6 = 4l 36 1 28 435 11F
SRR (8] 7 51 5040 b 38 DA Sz SOH TilAT 4% EaR I H e i 2 . sl it 454
LSTM-Attention 1% 8 (¥ 515 58 ) 5 BT 7 5 F2- X3 ResNet % SOH &%
ARALIIRER 7, A FTHR PR AR TN A Bt SOH J THIRE ER 17 2L 2R A 7Y

(LSTM-Attention) F12 #f 7 3= FHA7 ) CNN-LSTM.,

HEMRE R R 4-1 R, [FERA RMSE il MAE 1 9iFtifE
Fro S5 EoR, A HIBEITH RMSE /8T 0.01, HE Cell3 48, T H
LB B T R R I TR 4 2 (LSTM-Attention), HE— 53t B AHH 57 il
P K-D SRS A R ANZ AL YE . F5 A Cell2 A1 CellS i T £ Ay v
i, RMSE %3514 0.0006 F10.0009. i3 4-2 v () B AT RO 254,
B DIGUE T PR A bl . 524 LSTM-Attention 237X E,
PR RIAE R Z KGO0 N R IEXG 55, W] TS BAS K-D SR vHE A
MR, BAR Cell3 FIEEAA RGN T 0, ASCHENX ZF A Cell3
[*) SOH IBMLAFFE AT Rt , S ECHUNI AL A e AR 1 bl 42 H v B AL B A o
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SOH

SOH

— Ref
—— Proposed
LSTM
e LSTM-Alt
== CNN-LSTI

IModel

™

10 20
Cycle

30 40

(a) Cell5

20 30 40
Cycle

— Ref
= Proposed Model
=== CNN
LSTM
- LSTM-AL
—-= GNN-LSTM

50 60 70

(¢) Cell7
K] 4-4 K-D HEZLAE Oxford FHa£E Filllitah B (Cell5-Cell8)
= 4-1 K-D tEZE4E Oxford FrdE 45 B M 45

SOH

SOH

20 30
Cycle

(b) Cell6

30 40 50
Cycle

(d) Cell8

— Ref
—— Proposed Model
--- CNN
LSTM
-+ LSTM-Al
—-- GNN-LSTM

— Ref
—— Proposed Model
=== CNN
LSTM
- LSTM-AL
=-+= CNN-LSTM

Criteria ~ Cell No. CNN LSTM CNN- LSTM- Proposed

LSTM Att Model

Celll 0.1676 0.0116 0.0106 0.0056 0.0048

Cell2 0.0171 0.0128 0.0122 0.0021 0.0006

Cell3 0.0112 0.0102 0.0119 0.0017 0.0041

RMSE Cell4 0.1398 0.0104 0.0084 0.0033 0.0030
Cell5 0.0348 0.3200 0.0378 0.0027 0.0009

Cello 0.0097 0.0073 0.0075 0.0056 0.0015

Cell7 0.009 0.0103 0.0067 0.0053 0.0037

Cell8 0.0107 0.0091 0.0091 0.0062 0.0061

Celll 0.0111 0.0077 0.0078 0.0054 0.0047

Cell2 0.0107 0.0085 0.0078 0.0017 0.0005

Cell3 0.0086 0.0072 0.0064 0.0012 0.0038

MAE Cell4 0.0101 0.0080 0.0136 0.0028 0.0028
Cell5 0.0134 0.0125 0.0136 0.0021 0.0007

Cello 0.0081 0.0055 0.0060 0.0032 0.0009

Cell7 0.0069 0.0083 0.0053 0.0032 0.0035

Cell8 0.0076 0.0067 0.0067 0.0061 0.0059
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e 4-2 K-D HEZE 55 L LG A5 [0] 1) B2 A RAOH 76 245
Criteria Celll Cell2 Cell3 Cell4 Cell5 Cell6 Cell7 Cell8

Direct 0.0008 0.0015 - 0.0003 0.0018 0.0041 0.0016 9.9-5¢
Gain 0.0024
Effective 0.2051 0.1271 - 0.0698 0.6000 0.8723 0.3902 0.0154
Gain 0.5854

4.5 RE I

ARBANGE T — PR T RS AR HESL 098 syt SOH T F B .
g6, RSO K-D HEZLHHAT T VR I ER F o R AL S, B R AT IX—HE
BESR SRR RIS o AHIEFER FH BEN LI 2) 7 FEAIRSL ResNet BEAUE N
LS, [FIEFF]H LSTM-Attention BEBUAE R E Az 2%, FGE T —FhBE BT #
SR AR RS ERAL S L

TESRIGIATT, AW Oxford i/ AKAE T E, FIX i
52 LR (41 CNN. CNN-LSTM. LSTM-Attention) {E 7 X} H&F1
FLig. WSt AR, AHFFRHE I K-D AR 7E F i pfh 5 A fa g i b
R RER T ARERLTY . SOV IR, Cell2 AT CellS [ TR0 AR 14 A%
&, H RMSE BIBUE 2 %EF] T 0.0006 F1 0.0009, #F—HEsE T K-D HE
BRI i RS A R 1
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e

ASCHEH T =0 E A BER VAL 7V, il AT SOH 1B AL £ dis
(R 77 4 CBRE ML 2 77 FE- RS2 ResNet), &1 F B 34k %) ¥ m) 77 =
(LSTM-Attention), 13T HITRZZTRMELL (I VPAL J7vd, X = Fh g i35t
177 SEE IR . T AR ZRIBAEZE 1Y SOH YF-A% J5 1 1T LU A A2 BiT 5 v
454, HEREEE RS (SOH) RFRIAERAPEFRL & M. @i
BEALGS> 7 FE- A3 ResNet BERAE AZUMM 45, LSTM-Attention #AAE Ny
S, SEEL T SRS AR EE R AL, T R T PR I
SEIG SRR, AR H AR ZETAE ZLAE Oxford S SE LRI B, BTl
MR TCH) RMSE #/8F 0.01,  H K2 e it 5.0 1 Tl 14 g 2 2 -3
LA (LSTM-Attention), 457/& Cell2 Al Cell5 ) RMSE 435124 0.0006
A1 0.0009, Ht—LUAE THEZEMIA M. AW R E R EEAREL N
T :
(1) —EERER: AT EOHM L YL 72 - X
ResNet), “#AM %% (LSTM-Attention) 34T TV EHR SR
ZE M RNZACRE VA, AT B g R, HEas R
O 75 = G ST T
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Abstract

Al present, lithium-ion batleries (I.IBs) play an irreplaceable role in various fields ol production and life as an elficient
energy storage element. The slate of health (SOH) [or LIB is critical lo the sale operation ol energy storage system. In facl,
it is currently difficult to estimate SOH of LIB quickly and accurately. This paper proposes a method for SOH estimation
that combines bidirectional long short-term memory (BiLSTM) neural network and attention mechanism. We extract three
features from the incremental capacity (IC) curve as inputs to the model. The correlation rates between the proposed features
and battery capacity are more than 0.98. Finally, the NASA dataset is introduced for experimental verification. The verification
results demonstrate that the proposed method achieves accurate estimation of the SOH for I.TBs. Tn the experimental results,
the root mean square error (RMSE) and mean absolute percentage error (MAPE) of the proposed method can be as low as
0.0051 and 0.34%, respectively.
© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Keywords: Lithium-ion battery: State of health; Bi.STM: Attention mechanism

1. Introduction

Today LIBs are widely used in various fields such as mobile communications, power storage, and aerospace. As
the cycles that .IBs are used increase, the T.IBs will slowly age, resulting in performance degradation. SOH is an
important index to measure battery aging. Accurate estimation of SOH is critical for equipment operation, because
accurate cstimation of SOH reduccs the risk of battery aging [1-3]. However, the SOH of LIB cannot be obtaincd
directly. We can only estimate the SOH using paramelers such as the voltage, current, and internal resistance of
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the battery. This paper proposes a SOH estimation method that combines BiLSTM neural network and attention
mechanism. The SOH estimation of LIB can be realized by using IC curve.

SOH can be defined in terms of internal resistance or capacity. This paper defines SOH from the perspective of
capacity, as shown in Eq. (1).

son - & 1
= Cn )
Where, C4 represents current available capacity, Cy represents nominal capacity.

SOH estimation can be achieved by different methods, such as electrochemical analysis methods, Kalman filter
methods, particle filter methods, and data-driven methods. Each method has different strengths, weaknesses and
levels of complexity, as well as the achievable estimation accuracy.

The method based on electrochemical analysis is to study the aging of LIB from the perspective of chemical
reaction inside the battery. It realizes the estimation of SOH through lithium-ion diffusion, discharge current density,
average radius of solid particles and changes of negative electrode materials. The accuracy of this method is very
high, but complex partial differential equations need to be established. The parameters of equations are extremely
difficult to calibrate and calculation cost is high. The most important is that precision measurement needs to be
realized in the laboratory environment, so it cannot be applied in practice [4-6].

The methods based on Kalman filter or particle filter usually realize the estimation of SOH using the equivalent
circuit model [7]. The advantage is that same model can be used to batteries with different capacities and even
different internal chemical properties. The disadvantage is that the factors such as battery discharge power, charging
rate and temperature, have nonlinear effects on the battery. It is difficult to take these factors account into the
parameters of battery model [8-10].

LIB is a highly complex and nonlinear system. It is often difficult to establish a reliable and accurate equivalent
model for the aging process of batteries [11,12]. Estimating SOH by a data-driven approach does not require a deep
understanding of the internal aging principles for LIBs like electrochemical analysis methods, but extracts features
closely related to battery aging from parameters such as terminal voltage, terminal current, and surface temperature
of the battery [13]. These parameters can be obtained directly through the sensor. Finally, the nonlinear mapping
relationship between these features and battery capacity can be established by data-driven method, which avoids the
problems of chemical analysis and parameter identification [14]. Among the data-driven methods, neural networks,
especially deep neural networks, are especially suitable for classification and estimation with complex causality.
In this paper, the BiLSTM neural network is used to estimate SOH, which has the best prediction performance
currently.

The rest of the paper is as follows. Section 2 presents the data sources and extracted features. Section 3 details
the BiL.STM neural network and estimation method. Section 4 shows the experimental results based on the proposed
method. Finally, Section 5 presents the conclusion of this paper.

2. Data analysis

2.1. LIB data set

This experiment used four batteries in NASA data set, BO005, B0O006, BO007 and B0018. Fig. 1 shows the
capacity decline curves of four batteries with the increase of the number of cycles. In Fig. 1, the capacity of the
battery has local recovery phenomena during the decline process [15]. Accurate estimation of SOH should be able
to accurately estimate the capacity of local recovery, rather than ignore the fluctuation of these capacity.

The experimental process of LIBs charged and discharged is as follows. First, the LIB is charged with a constant
current of 1.5 A while the terminal voltage is gradually increased. When the terminal voltage reaches 4.2 V, the LIB
is converted to 4.2 V constant voltage charging and the charging current starts to decrease gradually. The charging
process ends when the charging current drops to 20 mA. During the discharge process, the LIB was discharged with
a constant current of 2 A and the terminal voltage gradually decreased. This process continues until the terminal
voltages of BO003, BO006, BO0O07, and BOO18 drop to 2.7 V, 2.5V, 2.2V, and 2.5 V, respectively.
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Fig. 1. Capacity decline curves of B0005, B0006, B0007 and B0018.
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Fig. 2. IC curve of B0005 battery in different aging states.

2.2. Extract features

Increment capacity (IC) analysis is an important method to analyze the mechanism of battery decline. Its core is
IC curve of LIB. Fig. 2 shows the IC curve of the BOOOS battery in different aging states. The greater the number
of cycles, the more serious the battery aging [16].

This paper uses the maximum peak of IC curve as the first feature. The second feature is the area included in
IC curve when voltage is from 3.9v to 4.0 V. The third feature is the area included in IC curve when voltage is
from 3.9v to 4.1 V. The three features are used as inputs to BiLSTM neural network.

Pearson correlation coefficient is widely used as an important index to measure correlation rate between two
vectors. The calculation method of the Pearson correlation rate is shown in Eq. (2).

Cov(X,Y) 5

oXoY @
X and Y represent two vectors, Cov(X, Y) represents the covariance of two vectors, ¢ X and oY represent the
covariance of two vectors respectively.

Pxy =
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Table 1. Correlation rate between three features and four battery capacities.

B0005 B0006 B0007 B0018
Featurel 0.9842 0.9845 0.9889 0.9848
Feature2 0.9856 0.9889 0.9878 0.9881
Feature3 0.9875 0.9912 0.9921 0.9885

Table 1 shows the correlation rates between the three selected features and the capacities of the four batteries.
It can be seen that the correlation rate is higher than 0.98, so a good estimation can be achieved.

3. Method proposed
3.1. BiLSTM neural network

Considering the temporality of the data of LIB, this paper selects BILSTM neural network. BiLSTM neural
network consists of two LSTM neural networks in opposite directions, so it has better performance in sequence
related problems. BiLSTM neural network can forward and reverse process data through two LSTMs in opposite
directions, so it can utilize both past and future information. Because the BiLSTM neural network can be trained
with both past and future data, its estimation results are more accurate. Its network structure is shown in Fig. 3

Oup ® @&
Acnvatxon

Backward
layer LSTM

Forward LST™
layer

Input X X, X
Fig. 3. The structure of BiLSTM neural network.

The structure of LSTM neural network is shown in Fig. 4. LSTM neural network consists of input x,, cell state
¢, temporary cell state 7, hidden state 4,, forget gate f;, memory gate i, and output gate o, at time t. The three
operations of forgetting, memory and output are controlled by forget gate, memory gate and output gate. The specific
states of the three gates are calculated from the hidden state at the previous moment and the current input 17.

The formulas for forgetting gate f;, memory gate i,, temporary cell state &, cell state ¢,, output gate o, and
hidden state 4, are as follows:

fi=o(oplhi 1, %14+ by) 3)
i = o(@ilhs1, X1+ by) @
¢ = tanh(wc[h; 1, %] + be) 5
0r = 0 (@phr—1, X1+ o) ©]
h, = o, * tanh(c,) @)

Where, k,_; represents the hidden state layer at the last moment, o and tanh represents the nonlinearity, b represents
the threshold and w represents the weight.
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Fig. 4. Schematic of LSTM neural network.

3.2. Antention mechanism

For different features, their impact to the final output is different. Therefore, this paper adds an attention
mechanism to improve the estimation accuracy, which can assign different weights to different features [17]. Its
principle is as follows:

si = $(@h; +b) ®

h; is the hidden state of the BiLSTM, T represents to transpose the matrix. @ and & represent the weight matrix
and threshold vector respectively, @(-) represents the nonlinear activation function, and s; represent the importance
o fo'ter obtaining the importance for the ith feature vector, it can be normalized using a function as follows:

exp(s;)
> exp(sy)

After getting «;, we can assign different weights to the features as follows:
O=H@A (10)

H={h,hy....,05}7, A= {1, 00, ..., &), O represents final output features of the attention mechanism, ®
represents the dot product of corresponding elements between two vectors.

®

«; = soft max(s;) =

3.3. The method proposed

Fig. 5 shows the overall framework of the proposed estimation method. As shown in Fig. 5, the method proposed
is divided into training module and estimation module. Firstly, we divide each battery data set into training set and
test set. The training set and test set account for 70% and 30% of each battery dataset, respectively. In the training
module, firstly, the features proposed are extracted from the training set, and then the features extracted are used
to train the BiLSTM neural network with attention mechanism, which is called ABiLSTM neural network. In the
estimation module, firstly, the features proposed are extracted from the test set, and then the ABiLSTM neural
network trained in the training module is used to estimate the SOH of the data in the test set.

4. Experimental results

In this section, the proposed SOH estimation method is tested on four batteries (BO005, B0O006, BO007, and
B0018) in the NASA dataset. The experimental of BO0OS5 results are shown in Fig. 6. Comparing with BiLSTM,
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Fig. 5. The overall framework of the proposed SOH estimation method.
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Fig. 6. BO0OS battery estimation results.

ABILSTM is able (o understand the downward (rend of the capacity curve. Due (0 the chemical side reactions inside
LIB, local recovery and fluctuation will occur during the process of capacity reduction, which affects the capacity
estimation. But the ABIiLSTM model understands this volatility well and predicts an overall trend that matches the
actual curve. Due to the role of attention mechanism, the mapping relationship between the features proposed and
the capacity is refined, so that the estimation of the capacity is More accurate. In particular, the BiL.STM model
cannot predict local trends well because it cannot accurately learn local fluctuations in capacity. This phenomenon
proves that the attention mechanism is very effective in capturing local fluctuations and significantly improves the
cstimation performance.

Next, in I'ig. 7 we present the errors of the estimation result. The error used is the difference between the
estimated value and the measured value. As shown in Iig. 7, comparing with BiLSTM, the overall error of
ABILSTM is smaller, although the error may change significantly in some local arcas. This further illustrates the
accuracy and cffectivencss of the proposed method.

To (urther illustrate the advantages ol the ABiLSTM model, we present the RMSE and MPAE of the estimation
results for four batteries, as shown in Table 2. In different batteries, the ABiLSTM model performs better because
RMSE and MPAE are relatively small. Comparing with other methods |18,19], the proposed method requires less
training data to achieve the same estimation accuracy. This proves that the proposed ABiLSTM model is more
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Fig. 7. B00OS battery estimation errors.

Table 2. RMSE and MAPE of four battery estimation results.

B0005 B0006 B0007 B0018
RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE
BiLSTM 0.0085 0.69% 0.0156 1.34% 0.0089 0.72% 0.0105 0.99%

ABILSTM 0.0051 0.34% 0.0093 1.02% 0.0055 0.36% 0.0078 0.68%

accurate and reliable in SOH estimation for LIBs. This advantage increases the possibility of applying the method
proposed to practice [20]. In general, the method proposed in this paper has great application prospects compared
to the existing methods.

5. Conclusion

Estimating SOH is an important function of the battery management system. This paper proposes a novel SOH
estimation method for LIB, which combines BiLSTM neural network and attention mechanism. Three features
were first extracted from the IC curve. Then, the output of the BiLSTM neural network is adjusted according to
the importance of the feature to the output using the attention mechanism. Through the specific application of the
above method, the numerical experimental results show that the method has less error in the SOH estimation of
LIBs. In literature [21], it is proposed that BiLSTM performs better than CNN, LSTM and other neural networks
in estimating SOH, so the method we proposed is also better than other neural networks.
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