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Remaining useful lifetime prediction for lithium
battery based on GBDT algorithm

Liu Qiong Zhang Bao

(College of Automation, Beijing Information Science and Technology University, Beijing 100192, China)

Abstract: To solve the problems of the existing remaining useful lifetime prediction methods for lithium battery with low prediction
accuracy and long training time, a prediction model based on GBDT algorithm with grid search method is proposed. Firstly, analyze the
charge-discharge cycle of lithium battery and select voltage, current and temperature as useful health index. Secondly, process the
outliers of historical data and average useful health index data as feature input. Finally, establish the remaining useful lifetime prediction
model for lithium battery by GBDT algorithm and optimize parameters by grid search method. Based on the capacity decay data of NASA
lithium battery, the results show that the prediction model is superior to other methods about tenfold in RMSE, MAE, MAPE. The
remaining useful lifetime prediction error is within 0. 05 and the training time reduces to 4.5 s.

Keywords : GBDT; remaining useful lifetime; lithium battery; grid search; health index

Ff o4 et (1 8 AR 75 ( state of health, SOH ) HEATHLH
WER G PEAS , ELA g B S
1Ry I WLAE FE L SOH ) 5 B 22 (1) AN B o, T 4 il

0 5

il

Bifi 2 BT T U5 A A %) W A, 8 PR e DL AR AR | 5
K R ETET RE R E m SFEOLR B TS T B AR Y
A A TR I R, A KRR
— RGN BB A AR A AT 00 T A LA R, 2
TEDHY 2 Tt 2 U ) 2 0 (P (IR T AR R A
M 70% ) , FL 0 A P B 23 R R A REAIG , I s 5 22 A2 I i 4
&, e A K AT B8 B i S AR, B B kA
PRKE B K KRR S R T R SR L A A e
W H Y. 2021-12-18  Received Date: 2021-12-18
# AT E AL A ARRN SR 4 13 H (4202026,3212005) BEH)

FHi %54 ( remaining useful lifetime, RUL) """ — B #f & Tl
WFSER R AL

I 2Rt ) RUL $5000 32 2 by 5 28 ok A 5 47 3K
Bhik™ AR S o S AT R P S 3 ) R SR
ST R PSR R 41 AR A e b Y PR R L AR,
FET SRR PR AL AR A S SRR A S
ST SOH ITAS AIHCIU] RUL B0 . FLF vt Py 78 52 2 i 22
AEANSP IR T2, I 20 52w 5 55 0 1 0000 RS B2, %



5510 3]

FET GBDT Sk A HL L bR 4% ol T 3 i T 00 - 167 -

IR BN, AT 27 TEH ol N AR A ) 3R AL 2% SO, (NG 2o
F, L 471 S 174 AR AR 328 JBCRI AR i 2 3K 5 R 98 4t 00 v, el 1Y
RUL, 401 Park 45" ff FAs & R RS FEi 52
AN HCHE | 45 A 1K 4 BT 212 (long short term memory,
LSTM) 573 44 7 81 W b 19 RUL W0 BT AL, 1 S 4
S PRI — 4E 45 BL(IDCNN) Rl LSTM X6 41 i 3t 25
SRR R T I, R T A B Y RUL P0G B
SR 2 SR 0 2 B BR 2% 2T HL ( hierarchical extreme
learning machine, H-ELM) f 5 7%, ] F 70 1 W) 0 B0 0 b
it TR L RUL J000 45 SR 0 5 A i, 2 kA
254 LSTM A1SZ £ & AL (support vector machine, SVM)
SR M A T v Y A e A

ZRG LA LAY, T B R vl Y SOH Tl Al RUL
TN B R BE, AR SCHR M N R TR RE 4R T e SR R
( gradient boosting decision tree , GBDT ) 55745 & W% 8 2
(grid search,GS) FUFMAL R | [6] A, S T 88 KRR 95
PR () A O 1, DD SN SN 8 R B T4, SR 5
K5 LU ST AL A 00 - 280 T P34 L O - 24 R
SRR Ta] 2 R 478 R PR P, v 7 A S e R P A e B
fb. GBDT Bk s ki fn GS By SHERE ), A5 £1 i
L) SOH A% Al RUL TN 1144 J38 5wy , 452 284 1] g i
KR,

1 SEREMERETF S

1.1 $EBRMITIERE

PR 2 AR T PR AR T 4 A ER A A
A TE SRR R AT DUAEIE it AT i A S DL
fERE & B GE A FURE . PR 0T DU A AR Y e H S A
sy Lit f S DU T Li* 7 B i v b o b A% S 01
WD HE, BRIALFIE SRR Z I Bk T H S R
P BB 2 il 3 U 5 DL L IR, B A B
A RAF a5 Bl T F I R B LT i
WMiA

DU R/ A 5 411 R 3t O ) . S8 H RS L DA I A
Hh 2t I ORI R A ik A B SRR AT SR AR e U A AR
FL O 1) OB I A Bl 25 (E AR A B Co™ B 1L, IE R A
B LR B A, TR A R LR B T R R,
Li* A7 R 0 ) 2280k s T e, £t T o A B 1 A Ak
e” WIS B 3k ] T B4 Bt 5 TE AR AR Hh g A0 56 8 38
B, HTARFEFE 1R,
1.2 $EEMEERET

L F Y PR AR ELA S (B T L BE R | T EE R R
SR (TR FT R Ao R A T 3l B 2 7 A LR TR S
Ak BIBTRE , 1T PN A — 2R 5 0 B Ak 2 s 1o U] 4 S 3R Tt

Cu ) - -0 _ 0O Al
o Li
s :. b3 :. s | #
UL
PR R Btk
(F58) FRLfiRE S (LiCo0,)

BT B AR
Fig. 1  Working principle of lithium battery
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Fig.3 Capacity decay curves of four lithium batteries
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Table 1 RUL prediction of four lithium batteries

i 2 C, c, RUL
B000S 125 125. 041 -0.041
B0006 109 109. 023 -0.023
B0007 166 165. 979 0.021
BOOIS 97 96.993 0. 007
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