2024% 108 .
$435 £ 108 g 95 H

DOI:10. 19652/j. cnki. femt. 2406272

&

N2

ET QPSO 4k LSTM HIE = FHE B IR ST

PUNE - ﬁuﬁ—i@”
(LW I ¥Ea A T AR $I 224300;2. ¥ A B T X E R A TREZR ¥ % 215500)

#ﬁi B R A RS (SoC) 2 L Hb AR B AR 48 1Y G B R — L AT N B — K S I 2 (LSTMD R 45 4 31K B AR i A i)
T, 2 B R B CQPSOD P A9 4 S 01 4 22 T 2%, 51 A & TR T B B3 1 LST M 4o 428 9 £ A0 TR0 S ek 2 500t A7 1 Ak 208 T 42

ml‘J%Xq‘ SoC BYAh T RE . BEAb, R INR— 18650 Ha jth £ 4% 52 X T $12 Hh A A5 A0 3E 470 3K, (7% 3 FP R RIEE (0 °C .25 °C.

45 CHFN 4 Bh T B ALFE 22 7 W3R DST Bk IR IR 717 25 3 bisf (7] 2 FUDS, US06 55 3 23 [ 25 3 i 8] 2 A1 b 5 8h 248 1k J7 04t

BIDST, i) » 7645 00T 43 i) 50 AR 70 4 B L O 5 JH0 by A0 Ak 580 1 R AT LA, 0 TR 25 SR 3R 01, BT 48 O VA 76 45 TR T 47 e 4 e A58

I SoC Al 145 58, BARME 4 F T00 T I E L IR 25 (MAE) /N T 1% fH 7 fiR 2 (RMSE) /N T 1. 1%, i KiR

ZIHE SU LI .

SRR - Ao BOIRAS Al KA A TR TR AR R i A R

FESZES: TM9I12;TNIS CHERARIEED : A ERiREER KRG 480. 40

State of charge estimation of lithium-ion batteries based on QPSO
optimized LSTM

Liu Rui'  Zhu Peiyi'”’
(1. School of Electrical Engineering Yancheng Institute of Technology, Yancheng 224300, Chinaj;
2. School of Electrical Engineering Changshu Institute of Technology, Changshu 215500, China)

Abstract: The state of charge of lithium-ion battery is one of the key parameters of the battery management system, and
in order to solve the problem of low estimation accuracy of a single LSTM network, this paper proposes a long-term and
short-term neural network optimized by quantum particle swarm optimization, and introduces the quantum particle
swarm optimization algorithm to optimize the key parameters of the LSTM neural network model, so as to improve the
estimation performance of the network on SoC. In addition, the INR-18650 battery dataset was used to test the proposed
model, which included three different temperatures (0 °C, 25 °C, 45 °C) and four working conditions, including dynamic
stress test DST, federal city driving timetable FUDS, US06 highway driving timetable and Beijing dynamic stress test
BJDST. Finally, the performance of the model is verified under each working condition and compared with other
optimization algorithms, and the verification results show that the proposed method can improve the SoC estimation
results of the model at all temperatures, and the mean absolute error (MAE) and root mean square error (RMSE) are
less than 1% and the root mean square error (RMSE) are all less than 1. 1% under the four working conditions at
different temperatures, and the maximum error is within 5%.
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