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SOC Prediction for Lithium Battery Based on Fusion Model of
Attention Mechanism and CNN-LSTM
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Abstract: To improve the state-of-charge(SOC) prediction accuracy of lithium battery, a prediction method based on
the fusion model of Attention mechanism and convolution neural network-long short-term memory (CNN-LSTM) is proposed.
This model uses one-dimensional CNN and LSTM neural network to learn the nonlinear relationship between SOC and
lithium battery discharge data, as well as the long-term dependence existing in SOC sequences. At the same time, it
adopts a “many-to-one” structure and establishes a mapping relationship between the SOC at the present moment and the
discharge data at multiple historical moments, and pays attention to the historical discharge data which has a greater
influence on the SOC at the present moment through the Attention mechanism, thus further improving the SOC
prediction accuracy. The SOC prediction experiments under dynamic conditions show that the average prediction error of
the proposed method is 0.89% under different temperature conditions, which is 81.2%, 66.7% and 56.5% lower than
those of SVM, GRU and XGBoost algorithms, respectively. In addition, this method is also superior to LSTM and CNN-
LSTM models that do not combine the Attention mechanism, showing a higher prediction accuracy and higher
application values.
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Tab. 2 SOC prediction errors of contrast experiments

- 10 °C 25 °C 40 °C
ME/% MAE/%  RMSE/% ME/% MAE/%  RMSE/% ME/% MAE/%  RMSE/%
SVR 7.80 5.60 7.50 10.41 3.85 4.62 12.75 479 7.61
GRU 11.13 3.11 4.12 8.27 2.62 3.24 9.45 2.37 3.04
XGBoost 5.79 2.13 2.84 4.81 1.50 1.80 11.60 2.57 2.81
ASCAGERY 3.03 1.01 1.18 4.61 0.84 1.11 3.14 0.84 1.03
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Tab. 3 SOC prediction errors of ablation experiments
- 10 °C 25 °C 40 °C
ME/%  MAE/% RMSE/% ME/%  MAE/% RMSE/% ME/%  MAE/% RMSE/%
LSTM 9.67 2.31 291 9.85 2.75 3.31 9.12 2.12 2.75
CNN-LSTM 3.67 1.14 139 4.02 1.06 1.35 4.28 1.16 1.45
Attention-LSTM 5.11 1.29 1.65 439 131 1.67 433 1.17 1.40
AR SCAGEHY 3.03 1.01 1.18 4.61 0.84 1.11 3.14 0.84 1.03




276 5 b

= I 5022 %

Xof LI 220 ik PR Y O T TR 155 1% SOC

SRR ISR B A E . PR T T PLRI AR

CNN-LSTM #5503 SOC 77 78 — 52 L 3 1 FLwil
HE—AE T SOC T ARG

oo, 0 LSTM T2 4L
& -~ CNN-LSTM %k 54
----- ATT-LSTM T3 275 5
80 R Wik NIEES
—SOC FL5H
xX
o 60F
=
" 65
ﬁ 40 F 60
_’E] 55
B 50
= 20 - 45 3
40
0 2.50 %.75 3.00 3].25 3.50 3;75 4.00 ) ) ) 3
1 2 3 4 5 6 7
LT ¢/(10° s)
(a)SOC THi 2%
75F - LSTM Wiilli 2%
- CNN-LSTM il 22
50F - ATT-LSTM TRl i3 22
”s 4'\1}7‘(%%%@; :
F 0
i
= 25
;:D:
-50F
-75
-10.0 | )
0 1 2 3 4 5 6 7
JCHLERFTE] £/(10° s)
(b)SOC FiimiR2

8 ERRSCIOTE 25 °C #HIE&E LAY SOC &R

Fig. 8 SOC prediction results of ablation experiments

on 25 °C dataset

0.08 [
0.07 |
0.06 |

= 005 |

4; 0.04 |

0,03
0.02
0.01 |

10 15 20
ﬁktﬁ?&%ﬁ@?f#zkﬂﬂé’wﬁ]/q

B9 11MHANERRARNZMEHENEENNE

Fig. 9 Attention weights of discharge data in one input

sample at different moments
4 ZEiE

SRR SOC M TNAS BE A SCH T I
FIHLAIFT CNN-LSTM fil 5B 1) SOC Fii Iy i , 1%

T AIH CNN TERFESE I B R PE3 bz LSTM #hi2
D 288 AR RS [] F 2 S0 5 T AR, JFR R T IAL
Tl e AR iy AREAS AN R g s s 2 e s
AR TR R 8 5 T Al S B0 AT S8 0 E T
— 4 CNN FIERE SIHLGFE T, ABA ORI R R
D HEACUEC R AT SVR .GRU 1 XGBoost EA
B, 28 |, 55T Attention-CNN-LSTM H4 Ha itk
SOC. T 5 v FLA 5 e W FOUINDHS J32 AR 2 RN,

HF A AT B R Gl R & A AR AR
KSR A

S Ak

(1] AIBR, HH TR R4 it RS A AT
ZRR[)]. LIRS, 2014, 12(3): 95-102.

Yu Yunjun, Chen Xin, Wan Xiaofeng. Reviewer of estimat-
ing the state of battery charge for electric vehicle [J]. Journal
of Power Supply, 2014, 12(3): 95-102 (in Chinese).

[2] EI, PhEBD, FifER, % —FR G TR s e mi

A RS U5 45D W TR A4, 2016, 31(9):
189-196.
Wang Qi, Sun Yukun, Ni Fuyin, et al. A new method of bat-
tery state of charge prediction in the hybrid electric vehicle
[J]. Transactions of China Electrotechnical Society, 2016, 31
(9): 189-196 (in Chinese).

[3] Chen Xiaokai, Lei Hao, Xiong Rui, et al. A novel approach
to reconstruct open circuit voltage for state of charge esti-
mation of lithium ion batteries in electric vehicles [J]. Ap-
plied Energy, 2019(255): 113758-113771.

(4] #5, yrifh, BOK, 5. R TARBIERZRFF SOC

THEETTIEIEFRI. 17T, 2020, 42(5): 681-687.
Luo Yong, Qi Pengwei, Huang Huan, et al. Study on bat-
tery SOC estimation by ampere-hour integral method with
capacity correction [J]. Automotive Engineering, 2020, 42(5):
681-687 (in Chinese).

[5] 5K7Jr e, STkt EKF 30k A8 8 7 it SOC fh5 7y

AL AR, 2018, 16(5): 124-129.
Zhang Fangliang. SOC estimation method for lithium ion
battery based on improved EKF algorithm [J]. Journal of
Power Supply, 2018, 16(5): 124-129 (in Chinese).

[6] Zahid T, Xu Kun, Li Weimin, et al. State of charge esti-

mation for electric vehicle power battery using advanced



555 4]

TeUhvE A5 TR I HLH A CNN-LSTM A B 780 B2 f b SOC T 277

(7]

(8]

machine learning algorithm under diversified drive cycles
[J]. Energy, 2018, 162(11): 871-882.

Sheng Hanmin, Xiao Jian. Electric vehicle state of charge
estimation: Nonlinear correlation and fuzzy support vector
machine [J]. Journal of Power Sources, 2015, 281(5): 131-
137.

BT, T, EA I SO WNN (EZ HLT SOC {457
PRI 2R, 2020, 18(6): 199-206.

Xie Siyu, Wang Ping, Wang Zhishuang. Application of
improved WNN in battery SOC estimation [J]. Journal of
Power Supply, 2020, 18(6): 199-206 (in Chinese).

(9] fUB, PARMS, PR S TARELAL S HES AL G H N T 1)

R TSl ik SOC fh A i RERE SR, 2020, 9
(5): 1548-1557.

He Ying, Zhong Genpeng, Chen Yi. Research on SOC esti-
mation of lithium-ion power battery based on feature combi-
nation and stacking fusion ensemble learning [J]. Energy
Storage Science and Technology, 2020, 9(5): 1548-1557 (in
Chinese).

[10] Li Chaoran, Xiao Fei, Fan Yaxiang. An approach to state

of charge estimation of lithium-ion batteries based on recur-

rent neural networks with gated recurrent unit [J]. Energies,

2019, 12(9): 1592-1613.

[11] B K, SCIRY%, 7, 25, JLF LSTM & M4 azh f

HLit SOC fESXAFFEL]. AL HE HE, 2020, 37(3):
78-81, 88.

Zheng Yongfei, Wen Huaixing, Han Fang, et al. SOC esti-
mation of power battery based on LSTM neural network
[J]. Computer Applications and Software, 2020, 37(3): 78-
81, 88 (in Chinese).

[12] JA&He, Sbkis, #%. SRPEMENRERIR). 5

B4, 2017, 40(6): 1229-1251.
Zhou Feiyan, Jin Linpeng, Dong Jun. Review of convolu-
tional neural network [J]. Chinese Journal of Computers,

2017, 40(6): 1229-1251 (in Chinese).

[13] Kiranyaz S, Avci O, Abdeljaber O, et al. 1D convolutional

neural networks and applications: A survey [J]. Mechanical

Systems and Signal Processing, 2021, 151: 107398-107418.

[14] Lecun Y, Bengio Y, Hinton G. Deep learning [J]. Nature,

2015,521(7553): 436444,

[15] Hochreiter S, Schmidhuber J. Long short-term memory [J].

Neural Computation, 1997, 9(8): 1735-1780.

[16] %0, XIFHJE, J& K. T RNN B4R S 7t SOC

WEFTHERT). iVREAR, 2021, 45(2): 263-269.

Xu Shuai, Liu Yuchen, Zhou Fei. Research progress of
SOC estimation of lithium-ion batteries based on RNN [J].
Chinese Journal of Power Sources, 2021, 45(2): 263-269 (in
Chinese).

(17] BRI, 5% AR, 25, 55 TR PR MR

SHEFEVF SR, HENL TR SR, 2021, 43(2):
370-380.

Chen Haihan, Wu Guodong, Li Jingxia, et al. Research
advances on deep learning recommendation based on at-
tention mechanism [J]. Computer Engineering and Science,

2021, 43(2): 370-380 (in Chinese).

[18] Zhang Yongzhi, Xiong Rui, He Hongwen, et al. Lithium-

ion battery remaining useful life prediction with Box-Cox
transformation and Monte Carlo simulation [J]. IEEE Trans-

actions on Industrial Electronics, 2019, 66(2): 1585-1597.

[19] Tian Yong, Lai Rucong, Li Xiaoyu, et al. A combined

method for state-of-charge estimation for lithium-ion bat-
teries using a long short-term memory network and an
adaptive cubature Kalman filter [J]. Applied Energy, 2020,
265: 114789-114802.

[20] Yadav R K, Anubhav. PSO-GA based hybrid with Adam

optimization for ANN training with application in medical
diagnosis [J]. Cognitive Systems Research, 2020, 64: 191-
199.

EE &I

RIMVE(1994—) , 55, P L R 22
Az B RREWTTE A o BIFSE 5 1) A Rl Ay
L AR HORZS T . E-mail: zhangst5329@
163.com,

FEanfE(1970—), 5 dfE 1S i,
R, W97 N T RS KEd, E-
mail : pgjiang@mailbox.gxnu.edu.cn,,

R (1970—) , 5, ik, B o
i N LR BES KEHE , E-mail: songshu
xiang@mailbox.gxnu.edu.cn,,

SFHE(1983—) 2, {1 % W5
[n] R E-mail :xhy22@gxnu.edu.cn,

sk



