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Prediction method for full lifetime of vehicle power battery
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Abstract; A full lifetime capacity prediction method for vehicle power batteries was proposed, so as to accurately
quantify the aging degree of automotive power batteries, improve the utilization rate of batteries, and achieve
accurate prediction of the remaining useful life ( RUL) in the whole life cycle of batteries. By integrating the
traditional empirical exponential model and the improved polynomial regression model, the proposed method could
track the degradation trend of battery life cycle based on the analysis of experimental data. The particle filter ( PF)
was adopted to adjust the model parameters online. Experiments were carried out to predict the RUL of power
batteries with different states and capacities. The model was evaluated by comparing the prediction accuracy of
different models. Experimental results show that the proposed model had a stronger ability in battery capacity
attenuation tracking than that of the traditional empirical exponential model and the improved polynomial regression
model. Combined with particle filter algorithm, the method achieved high-precision prediction results for both in-
service and retired batteries. Besides, the method could accurately predict the failure time of power batteries with
different capacities, which has a wide applicability in battery cascade utilization.
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Fig. 1  Fitting results of improved model
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Tab.1 Comparison of fitting effects
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Fig.2 Matching results of model A and model B in every 100-cycle
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Tab.2  Comparison of model results
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Al 0.02391 0.92924 0.024 54 0.928 89 0.003 12 0.97341 0.031 15 0.90589 0.04195 0.76574 0.05987 0.61587
A2 0.01403 0.95909 0.01912 0.958 74 0.003 35 0.99561 0.03082 0.93435 0.04257 0.73978 0.05563 0.598 78
A3 0.016 65 0.978 47 0.01007 0.978 11 0.002 02 0.97589 0.01345 0.93283 0.05599 0.69425 0.053 15 0.587 45
Ad 0.01955 0.96375 0.009 36 0.97343 0.00219 0.98504 0.01480 0.93299 0.05024 0.77235 0.06387 0.556 59
AS 0.010 81 0.97356 0.01016 0.96125 0.001 76 0.989 35 0.018 13 0.918 06 0.037 82 0.861 35 0.065 69 0.546 58
A6 0.011 39 0.964 731 0.010 06 0.964 37 0.00279 0.98979 0.01804 0.92975 0.03563 0.869 87 0.068 54 0.540 21
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Tab.3 Initial values of parameters in prediction function
e Y C iR D

TR B & EY 1S
vy -1.030 x10°% -4.880x10™° - -1.200x107°
23 5.010 x10 ~¢ 3.920x10°% - 1.237x10°°
2 1.040 x 10 ~3 1.210x107° - 6.580x107°*
vy 1.122 1.131 - 1.291
vs -3.060 x10™% -2.440x10"* - -2.560x10"3

K (12) PR Z TR S EOTRE R
V(k) =[v (k) v, (k) ,v5() v, (k) ,vs5(k) ]
(13)
IS PRSI R
v,(n+1) =v,(n) + Wy, (n),Wv, ~N(O,M)
vy(n+1) =v,(n) + Woy(n) , Wy, ~N(O,M)
vi(n+1) =vy;(n) + Wo,(n) ,Wv, ~N(O,M)
v,(n+1) =p,(n) +Wy,(n),Wv, ~N(O,M)
vs(n+1) =vs(n) + Wos(n) ,Wvs ~N(O,M)
(14)
Ao (n+ 1), ws(n+ 1) TN b BT AR
BBEAE n + 1 BIZIPPIRES, W e Ry £R MRS
(R R S A5 T 22 M, (B R O 1 i 20 A
DIMSERY C Ry 5], Fa it 25 i S Ui A2 28 v iy L) 7y 8 )
AIRIEN
Q(K) =v, XK +v, XK +v; XK+
vy s exp(ws * k) +{ (k) (15)
2.2 EEMRE
AR p(V,1Q,, ) RETTEGH p(V, |
Qo) WM, RIAR GRS TR o I 220 9 JBUAEL, BBC 5
SRR A R RTE k + 1 BFZIAIRS . T
WA B BEHLIE , RGEAE « + 1 B ZI AR ZS T LS04
JCR SR AE | I 3 2 SR AR 2 8 ) 5 5 T LA
PR R kT4 .
2.3 RIEME
TESE OB AR I BOE 5, R AT
v, =0 p(Q IV, )) (16)
Ko, (i=1,2,3,4,5,-,N) N5 Tk k 7 C 8K
(AT, N A ) b A 5 i 4
XA BB ERR Y, #EATIH— AU ERAE
K (17) W k FEBAGHR RS § BYPCEIRE RN,



556 1 JRMER:, 45 - AT ) A it A A i A S A B0 O 1 - 41 -
~ LA T LA K& RUL I 8E
PR gy SRR RUL (Y
i=1

2.4 EXREME

HoR AR AR R R R B B PR BRI A
BRUER/N . RGEMETRE V(k) TERIEAUE K
SRR R I 3R A

HORFESS R AT LR M R A L0
BEZR A AR AR 00 A, 45 5 3L TP 91 1Y 5 30 30
EARETT L AT LIS B — A 2] il 25 i 1Y) ) 56 30
BI(6,).

106,) = [6.(VOp(V,1 Q. 0dV,  (18)

TE T —Re U8 U, ELHOR B R AL IS BB T A
FPRASTTFE AR, L BE A8 ZRATRL 1~ 5 368 L 14 FL b 7
FEDREE UL AR | RIVHT— 5 U8 B rRL 14

e, AESE I T BUE RPN B PR UR , %
PRI 55 re + 1 IF 220 ) Fi b A B Y R K AR

f«hl@n::gwumﬂ—0@> (20)

N
RUL, = Y RUL.w| (21)
i=1

SR =R e

3.1 ABPHFEMEEH

Z5ERI R A, B PIAIA [R] 7 5 B L,
PR SRR 40 HAESER b 2R FIE AL R
FEWCRTE ;S 0.5 C T L, L A FL
FIIA EARCR RS Bl S PR35 T L AR, FE R LU
1 FEARE] 0. 05 A LUTR 5 25 R Yt 00 L IR, A T
R HLRRE R 2.7V, AT S B H it 52 R ) — K
. 3 il AL, BI A28 A

x4 BHBRTSH

Tab.4 Battery parameters
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Fig.3 Capacity attenuation of batteries Al and Bl
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Tab.5 Summary of prediction results of four models
. FERY A Bl B iR C B D
HLith
BKSE  STD  PIiRZE/% BWKEE  STD  “FHiR2E/% BIKE  STD  PIJiRE/% HIKE  STD  SFHiRE/%
A5 -30 0.024 18 2.3 +40 0.011 51 5.5 +3 0.01031 0.9 -30 0.02403 4.3
A6 +30 0.01913 1.5 +o 0.03234 9.5 +2  0.008 47 0.9 -50  0.021 31 3.1
F6 BREMMNERZLE
Tab.6 Summary of prediction results of retired batteries
A A FiAl B Rl C

Lt

TS STD IR/ % TUKGRE STD SR/ % TUKSRE STD IR %
A5 + 0.146 310 3.5 =70 0.774 09 11.2 -10 0.042 49 2.7
A6 +50 0.010 676 6.2 -70 0.086 33 9.6 +5 0.047 02 2.3
B1 -® - - +200 0.154 52 5.0 +10 0.021 48 1.1
B2 -80 0.895 870 2.8 + - - +1 0.020 77 0.7
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Fig.6 Parameters changes in retired batteries
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