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Abstract
life. The differences of the Lithium-ion battery’s production process, work environment, and use habit etc. lead to the
massive differences of the battery’s fade characteristics, which, in turn, inaccurate estimation of their battery’s SOH.
In this paper, the data-driven method was employed for experimental feature extraction. Besides, this paper presents

The state of health (SOH) of lithium batteries is a critical factor in determining the battery’s end-of-service-

an SOH estimation method based on the Bayesian-regularization neural network and the KNN-Markov chain used for
amending the prediction results. Experimental results show that the Bayesian-regularization neural network applied to the
SOH estimation could obtain superior accuracy performance, and by combining the KNN-Markov chain, the prediction
accuracy (the average prediction error of SOH less than 1%) could be improved. On the whole, the combined model
shows good robustness. Compared with the group method of data handling (GMDH), probabilistic neural network (PNN)
and recurrent neural network (RNN), the prediction accuracy of the model was improved by 33.3 %, 48.7% and 53.1 %
respectively.
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TAERA B S R 22 A0 45 i 1) 2 IR I R Al A B 2%, BRI
A7 [] — Rk 2805 1) H vt L R I R AN AR [, i
SR SOH. [ UERA NG T AR 15+ 40 R A
B, BRI RS SR H it SOH. AT —H & —A
PR
FLB 1Y) SOH 27 4 iif FL b (¥ d5c K n FH 5 6

BUE A H E 2 L, F R B = Al KRR 2. Pl
i SOH FiA i F 21248 98>, 24 SOH FRIK R #iE
FEN 70 % B, BRI A dr 280k, SOH [1)5&E
P&/ I

som = Courent 100 % (1)
initial
R Coprrens 275 1L 24 117 452 K AT 25 H2;
Cinitial 273 B LI ) B0E 25 5, R 4R ) I KR
Fras i,

H S VF 2 558 K 2 AR D7 i n 8t
MU SOH BEAT 1. Galeotti %0 R i fh 2%
FHHTIEIF R L R S9 (LIPO) HLth 224k, it 0l
o BELATC T 2 H A5 A0 P B AR 1K) 2 40P T Pt 8 ot
I 51 N HL VB AR F B 5 T A R 0GR, A Bk
PEHS VPl FB Y SOH. Chen %5060 FLF3 b 7%
5 SOH AHICME, SR F I8 53 DLSIZ IR R4 1) L
TR AN TH AL TR 1O 2 P ) H vt AR T 2 gk
i A -4 H i SOH. Mejdoubi 2507 42 Hi A 4 i
Hi it 47 R4S (State of charge, SOC) F1 SOH [
R, Al & NS AR AL v SOC 1 [R] I A ] 4™
J&RIR 298P %% (Extended Kalman filter, EKF)
flivh SOH, R P FR Ak T 55 g6 [7] INF 25 & 2= o % 34
IR AR IR AR M. Lin 2500 f 561 His 0k 3h (1)
m Tt #E[E 1 (Gaussian process regression, GPR)
JIvEN T SOH Alivh, SR sk i) 41 & v 107 o
12 B [F[H (Gaussian process functional regression,
GPFR) HiRSHL T84 SOH Hill. Moura 250
PRt 7 — PR 3T AL S AL I 0 AR L 03 T R
LI 28 KAl v SOH. 1) )7 ¥, Foam ik I & Fi Hs F1 H,
TR THZAR T S 8. Ng 2000 )\ Ky 2 i ik
X A v 78 R e O AR R T B B Y SOC ik
THRARI. AT T T A T R Tk
KA AT, JFRIA SOC kAkith SOH. Lievre
AE L)) e it L BELOR AL SOH GEAGS vd, Ji it v
THLZE g PR, R S AR R e AR 2R SR A L T
HUREL, 3BT T B Y) SOH. EKF 4 Plett 121 5]
AN B ALY SOH Tl Hh, i ik v vl 4 2 A5RT %
Gz BN, 4k EKF £ SOC, 2455 H
SOH. fHA3 42112, KRR Sy AIHATESVEE R
i SOC. SOH fhittrh N H 53z,

FIRTTEAE TN SOH. J7 HHUAS 1 AR K1 11,
RLAE S B N op B A7 AR B o AN 2 2 Ak T LAk
FRHPTE ) SOH T 5 22 52 % e 4% I+ v b BH 472
W P BHYE S AR L e SRR A T A B
G AN, RK 2 PR A 2 PR ER H BRI A 4
BRI 2 FEC AR EE LR, HETIR 23 T Hlds
I TR it SO kit Wu 2508141 0
BV ol o A AL BTV (Group method
of data handling, GMDH) & H T 78 Ji i 23
KA I SOH Al o, B T R4 i) Tt 25 .
Klass 2157 ) T F vt e b R v v i b FELUR L
s R 52 5 2 B0t ST K T SCHF ) LT PR A Y,
I HC0S v i ) 4 o P 24 i MR I PR BEL B i o 2E
ATHON. PEHRPPLE ML (Recurrent neural network,
RNN) # Eddahech %161 5] A2# i SOH At
o AZOTVERE T AR AR TV A ] RNN SR
TR H v PR RE MR A, Lin 25070 £ R 3R o 42
4% (Probabilistic neural network, PNN) {4 H
LK) SOH, 450 LI 1 I FEL s B DL R T 386 P s A R
SOH vl 5 EZE S HL, %075 e SEHLR ks FE 1)
SOH . LA b 77335 ) S AL i) i 2801, H
SOH Atk A B [l A ) @, PNN 55 45 HI7E R
732K, 7T SOH vt 2L KR IIZRFEA. RNN g
527 5] SOH. BEAGH LR IO, (H 71 J 1)
TRMIRS FE T — 4 .

AR By R BRBE SN HL I SOH. Afi vt Jf:
Ut A KNN-L SRR RAS 1F S DA TH 0 21 v it
SOH FITINACR, 2ME 1E Hng n] 45 20N LA S)
W22, SR A Y I A I O RE . e Ah, SR A
17 1E AL 42 M 2% (Bayesian regularized neural
network, BRNN) H A& EERAL, [N HA R 4T
Rz ACTERE. I ai &P, AT T DUk
Ak ph 22 109 28 25 & KINN-B5 SR BERAE 1E HE g (1 41 &
B SEI A At SOH. iAok, A7 3 s 7 SOH Al
THI LR 5 S

AL, 1 54w Ty vk R P A
$i% DU 357 10 A0 R0 2 70 Iy JRBER BE. 2B 2 A
JIT AR FR) T A 0, 35 LU S R ) S ST Ry I R A K
KNN-H/RBFRAE IS 2 3 WA gh 1, K
HE KINN—Ih IR} 5% S 1R A7 2501 B P4t Tt 8 234
MHERGTE. 25 4 TRASCR 45k,

1 FN7 AR
L1 DU HIE WAL #0022 ) 4

TR W 238 DAy T4 0 I ) A FE LT ) 22 ST
e g 2, ) g gk Pl 1080 PR, AR
Job B o = 0 e ) 4 I A
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Fig.1 Structure of multilayer feedforward neural network
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2] SOH A THRZE SR T 1l SOH £
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AR ) 52 56 H A ok B NASA 2 JF s
£E25] g — 4B LM (#£5. #6. #7), 4
e 25 C PR IEAT 7 L OB AIBA BTN,
Se#EMEYR (Constant current, CC) #£:0 F LA 1.5 A
MU 7 L, EL R Hb H ik 3 4.2 V. SR G Ak 2L IR KR
TH & 78 1 (Constant voltage, CV) Bz, H 2 Hifaf
HLmt b % 20 mA, s R LR & SOC A&
& 3 (a) Fros. ASCAE T L R #ds of 25 &
SOC MG EMATRHESRI, 5T AR SOH Hijth 7
H, s S 1) 2 A AT AR R 1 (18] 3 (b)) S IBURFAE
FI/E SOH it
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FL S PR (8 S e T Pl s LR 2 B IR RS, TSR
200 ] S A PR R /DS, e T B R SR AR B 1)
HOR A 5o U F A B84 4 260

Vi = 23 IV(0) ®

FoR, Wit f BB SOH A AL i R 9%
BRI B MOy R R B BB, U s

Venge (CC charge)
werage (CC discharge)
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SIWen-vel )

FRUR, AN FE I 30 T8 110 4 B 25 o PR AR 1) 25 W 5 e
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HHARL I, W dSOC AV AT AE g H it B AL 4R AE.
3(c) HARFFEREFR U F dSOC/AV i
TREhE2T) 7F SOH 2 545 W 1Y) Peakl. Peak2 At
B dSOC AV B AE b 48 9 4% i A 1) FL it
BARFE. N ZR6 75 B AIE 22 FF M AP e A 2k
KR 3 (d) Franfl AR e/ S BRNN Il 2k
A.

2.3 KNN-DREXRIEIERR

P22 I 2 3 A R 1) SOH MEAT T 45 3 1) |
LR MR AP AT Ry A 22 1K, 40 DXL & R A
FER SRS, ARSI R A T KNN—L4 JRBFR J7 7%
oA 25 [ 23 LR TN () SO HEAT A B (K& 1, AT
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FERE.
2.3.1 KNN iZZ4b38
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Fig.2 Flowchart of the proposed prediction model
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Fig.3 Feature extraction
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18 RV EEAR R 258 o B UL 7 ) 483X 1 A 1R 22
Ao R 1 K T s PR RO A % AR B oL S
Pe i FGw L A, HAKY:

k )
S distance’
m=1
A =" ‘ (11)
> distance,,
i=1
Hooo X, b3 i %k KNN 3F 519 L,

S distance’™ TR 0 ARk ANUTAB A
B g2 f, S distance!, FRHARABINE @ + 1
ARk ASEAR AU R B 2 R T VAN R R
ZEFF AN BN, [) B 308 456 5 3 P 10 (AN 2% 2503
72 W EB A, A B P g B K AR ) B A AR A A

P T O 2 B s, A AR 2 R A = R R 4 o
e S SRR G, AT B i T 2R S A i o P
MR ZE 3 0 T3

2.3.2 LS/RBIEKEIE

He T KNN b 2= 8m a2, SR 5 2R B #E
X2 W 2% T 45 R AT IR ZE B I AR I 2R 5
P 22 53 A1 ) 43 Hy SRR IBE TN IR AR 2 200 A
SCRPIR A et 70 0 = ARSI, 2051024 1[0,
Z — 0.5s], S2 [z — 0.5s, T + 0.5s], S3 [T 4 0.5s, 1],
b s N RB s AR e 22, 7ER) 70 S R B BFEIR
A ETF I (12) KR —4 2] [0,1] Z A,

L — Tmin

(12)

T =
Lmax — Lmin
o A28 I 245 1) i 22 7 A AT TG IF . ek 22
AR N a(t), W4 a < a(t) < b, WALTZX A
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BIEARN:
F=F,—Py-P,-Q (13)

Horp, F OB IE R PG, F, {804 UM e e
FZe 4 (I HUNAE; Py A 1 x 3 EWTURAIR A HIRE;
P 43 x 3 4 m PIRGHBIIE; Q 17 3 x 1 4k
RARIEFELE.

3 LIGERESHT
3.1 IiF KNN-S/REKIEEFE

FRATAE I A KINN-E R B RAE 1E H i P
X S B FRIEL 5 R FEE 0T LR G I SR W kAT 52 56 56
Uk, DAKIG 16 1 SR A R

SEE TR BEALIE I 164 7078 T80 HE L L R AR AR
Bt v 85 % AE 0N Zxtlidls, 15 % 1 Ik Hods,
SOH ESAEAE A I 25 H AR, KA 4an i 2
(Mean absolute error, MAE) F13%)77 1% 2% (Mean
square error, MSE) KIFAL 5% SOH Al v,
MAE Sl AR 22 1)K/, MSE TR S i
DEDT T 2052 SOH [l & 22, MAE Hl MSE 73
ol 5 SCA

1 n
MAE = -3 (@ — ),
=1

MSE = (14)

K153 R A 23 T AT A KNI A5 3200 fhh 25 152 22 4
A (AN G AT RS, SR IUBIME A = 3, M0
RITUR, 10 0 P 0 3 HEA T R R, TR AR 2 R %
ABUE 18— ¢ vt 357 93 A1 PR A PS8 ZE A A A AN e AR AR
RN, A I3 A T 2 A0 B TR 72 s AR AR 1
SN IEU PN S URAN (ETTI TR €170 SRV LK NPT URTLE
AR ) 3 (R iR 2R A3 18] BT S DL

i BSOS R 2 S AR A SR BER

R, mEdE 5 AR S1 [0, 0.32375], S2
(0.32375, 0.46865], S3 [0.46865, 1], AR = =

Tmin + T+ (Tmax — Tmin) KT AT B R %
Fe ) = AR A& 280 S1[—3.236, —1.110],
S2[-1.110, —0.114], S3 [-0.114, —3.539]. ¥f
22 I A0 3 R DUDHE 5 AN T 352 25 Kl 3 Ay A [ B SR e
FIRES, Wk 1 Pios.

WRIRES RN ), v 513 BPR A F 78 H R,
FFx BRNN FUIEBEAT M8 1F. RS H RS A M W5
(15), BRNN FUl{H f B /R BERAE 1T Jm 1 22 WAk 2.

1 BRNN FUIMEAR 2 SRR 5

Table 1 BRNN prediction error and state division

Feg SSIME BN AEXRRZE (%) A HRRZE (%) RE

1 0.6445 0.6431 —0.2172 0.4569 2
2 0.7480 0.7253  —3.0347 0.1425 1
3 0.9665 0.9646 —0.1965 0.4496 2
4 0.9502 0.9508 0.0631 0.4865 3
5 0.5802 0.5695 —1.8442 0.3194 1
6 0.7556 0.7344  —2.8057 0.1647 1
7 0.9294 0.9301 0.0753 0.4879 3
8 0.9222 0.9440 2.3639 0.7994 3
9 0.6808 0.6927 1.7479 0.6533 1
10 0.8615 0.8503  —1.3001 0.3123 1
11 0.7556 0.7619 0.8338 0.5706 3
12 0.6445 0.6431 —0.2172 0.4569 2

# 2 BRNN TRz & BRBFHRAE IE iR 22

Table 2 BRNN prediction and Markov correction error

F5 S WNE  BIERRzE (%) BEERZE (%)
1 1.0000 0.9809 1.9090 1.4446
2 0.9942 0.9753 1.8847 1.4203
3 0.9941 0.9741 2.0029 1.5385
4 0.9878 0.9720 1.5855 1.1211
5 0.9665 0.9646 0.1857 —0.2787
6 0.9607 0.9623 —0.1558 —0.6202
7 0.9554 0.9333 2.2035 1.7391
8 0.9387 0.9590 —2.0253 —0.3699
9 0.9329 0.9486 —1.5736 0.0818
10 0.9222 0.9440 —2.1778 —0.5224
( [0.71 0.26 0.03]
P = [0.08 0.71 0.22
(0.24 0.41 0.35]
[0.53 0.38 0.09]
P, = [0.16 0.61 0.03
0.29 0.50 0.21
- - (15)
0.43 0.45 0.13
Py = 1022 0.57 0.22
10.29 0.52 0.19]
[0.37 0.48 0.15]
P, = 10.25 0.59 0.20
1029 0.52 0.18]

HE 4 11 (a). ()« (e) MTLLE L, 5. 64 T#
HL It B ZRRE R A TE 5 A SE N SE A, R RO
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Fig.4 Comparative results of BRNN and Markov correction
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