20255 5 H
FEA40BHE W

CENNN D 5 7 NI 14

TRANSACTIONS OF CHINA ELECTROTECHNICAL SOCIETY

Vol.40 No.9
May 2025

DOI: 10.19595/j.cnki.1000-6753.tces.240706

EF CNN-LSTM-AM ERIg i e = F
B jtt a7 B AR 7 T

AR

x £ F

(1. REAFRESHHEFR BX
2. EXMBEEARFEAM A RARLE HX
3. MR IEYRELEFREIREYR

! Yy

Hhe !

210096
210023

B 211167)

TE BERBFUERTERS (SOC) A FTREEMNAARER LT 2MREAAEET L.
g SOC WM 7 B E RPN EMA G T EA, FERGEGR. TEREEZRF A,
X — AR ERE-KERILILHENEEEHLH (CNN-LSTM-AM ) BEA!, 3 3t & 3
AN BTN SOC T a4, ZHER G A —EEFR L W% (CNN) 3R FU A& 8 1 2 6 4
fE; REHEAZKERIEIZ (LSTM) #ATEEF 2 24 &EINEEINE (AM) fFdkx
GERAE, FFHERARMESAE AR, 4, CNN-LSTM-AM # A 75 )| % it 72 & % A Z otk 40 &
(RIME) #TE S8 IFh, AZMEFINELE . BRINGRR, ERRKELNTHREE TR
LENIF, FREW, £ F CNN-LSTM-AM # A 6y & 3 SOC M 6 B 4F, (kT 1% 4 et A 7 7
M A E, BEFHRIREER 0.64%. FHAEFREEN 0.52% (25C). s, ZHEAERFHIL
TR RCRA TN, AR ENFNEE ek,

XA EEERTER FERS KAERZR

FESES: TMII12

0 3|8

b5 AR . K BH B 55 AT P AR R UR I PR R
PR 7 HLIBTE g RE SIS BT N . R T R
BT EREET, T HEM R (State
of Charge, SOC) ¥ i Il %2 ¢ 55 22, A BT ik id 72
RO AR SRR, H T E I P S s L R
%, HEENE SOC - WX, X4 Hit SOC 1)
AERA G T SR PR30 DRI, JF R 6 RE S 1
SOC | & w7t B A H EH A S bR 401,

SOC Tl 77 ¥ R E AT 40 o — Fp 2R, B pLEE
Tiivk. BEEMBARIREN 5. Hod, HUER TR
FFH Ja 56 % AR TS s TR A, @S A
45 B B AR T AN F AL 2R . S, T, Navas 557
L F B RC A5 A% FL 6 55 RS F000 £ B8 - L it SOC,
FIJHAR IR ZE N 0.15%. o8 S BIFE T d k2

E % & SRR (2023YFB4102904) FIK B 8 G A 18 &k v 5 48 1
HE i 4 [ A S Ie =GR A (D2022FK080) ¥EEhTH .
Weks HIH 2024-05-06 2ok H# 2024-10-08

EREANE  Fa ik H S

R 7 — R B LB SOC i 53, & H T AN
WM, HAEmMZIEE . SR, PLET .
E 52 BN O 2 TP A AR — o Bk, e FE A K
HUR, RGBT R T, HEEFEE
3 BT R I PR R a2 R S E il R TR R SOC, R
WL IR 7 3545 S 1 $02 0 T % B R (Open Circuit
Voltage, OCV) V2. ¥ B A= OV 57 — b 2 & T B30l P
220 RSP i B V== I 7 = e A S s
SOC Zfkila% . i, HT ik SOC ANifisE
e T BRI TS A . A2 R, RS HE
PR ONAR E, JO TR M SR I A5 B R AT M i T
SOC. A. Gismero Z&UOMR | —Fh 5 T~ I HfL 1R V2
(L SOC Tl 771, BT R EA%. 5
SRS . HA R ZATE T T % R R A BE B 2
&, M LTEZ Al iF Hith SOC,

HaT, KEWETE TAE SO T 50 W8 3h 77 A6 v
FRAS , 38 I 2 48 2 o r it [y s B @ ST TR 2R T
DUASERY o 5 L PR B8040 X 2 77 92 0, 47 L A B T
SCFRF IA) B HLU2VRT J ) AR B MR A W 4% 4F . E. D.



FA40 BHE W

A AL FET CNN-LSTM-AM #5 B (1) fif Bt 28 55 1 B yth A BEIR 25 T 2983

Bobobee SIS TR BERVE AL T — M R &R E
AME DD RER) SOC Al v A, S LA BS v FL RS 1)
TELAZ W X AN B3 B 2% A T Rt ) ks 00 1) R
SR FR A 22 25 R 37 7 R R AR B (ot
R VAL AL B ) R Lt SOC 1) iy 2] ity B B, 003000 466
REIHEREA. EHEEENE, 57t SOC 2
—ANESAR R, BIYERRES ST ERBCRIRE
FEAERR ZR, SR A% G Y00 4SS 5G V1) 72 24 T I 220 1)
HIBAE S, T2 T P 545 B .

BERIX ARG S, 2T 18] 7 41 F s SOC Tt il
JIEAHGE R, R %% (Recurrent Neural
Network, RNN), V. Prakash Z5U43g HH — 02T RNN
FI L SOC T 7%, FFH T fr b e U ah &
FeME. SRT, f£40 RNN 7RIl G 78 5 8 8 b 5 Ve
REFMRL, JER SOC TN RRE 2 « 245 7 S5 IR H
T BT IE IR 50 DL O R I 2R ) L, A R R
AR I SOC (v VAR AT SEME . 72 I LAl
b, —FEFKERIE1Z (Long Short-Term Memory,
LSTM) 25 (R R AR Y, WA AU ok B it SOC T
W77 9% 2 2] K AR 7y i) R o >l 2 ot SO 4 P i 7
TR IR P S S AT R AR SR AN, FE 45 A LSTM W 24 5K
B SOC ks Hafdivh. ATt — Bt E i, &
5 UTR A& fL 4 & M 4% ( Convolutional Neural
Network, CNN) $& HiHE b o] U 48 & (R 2 R 1IE, 2R )5
i\ RNN LLSZHL SOC HIRSHiAl it

BANE T B A P40 1) SOC il 75 v ml LLA 3R
B SR OC B, BT 0T vE 4R 4 i AT A A
W H OCHE M NFFIE . BT, ASCE LR E —F
CNN-LSTM-AM #7, Jf W A T it SOC FilAE
55, RGN E B NRAE S SR TR B RS
Wik — M % s L4k B 5 ( Rime optimization
algorithm, RIME), A PLH 3% CNN-LSTM-AM
BRI A, A REGE S S A A &
&, BEFEANFE R E M) 4E SOC £ {E % CNN-
LSTM-AM  FIMUAS B A2 00, R 3 5 4% St i 46
AU FEAT 1 B LB, DL UF I 9 B A 1 A = 2 AL RE T

1 Eth SOC Fll SR g

BT I AT AR A, AR SCERH —FF CNN-
LSTM-AM #84, J£F] F 55w e 4b S0t HlE 240
T, B SZPLHE M SOC T . H Ak R % 2%
Bl 1 s,

e, ORI AR B A AT WAL, A R
a3 AN GRECE S AT B A R, K IR

| CALCEILiFeO,, 1 il ¥ 4 |

T
i SR TSR, U R |

|

|
|
@
|
i | ST B 7 R T 1 PR
|
i
|
i

|

| ERBRREG AEGUREL ReEdER |

| !
| [ M0t THDST. USOSHIFUDSIIA AUIERIRE | |

| Hit i ISOCTF 5 3 BRSOC HLAk |
1 RCEARME
Fig.1 Technical roadmap of this study

N CNN-LSTM-AM B8 H, gy i Bl 1) SOC.
WA G, AWEHEN S 2N B,
B A TN ZRBERY, 4R 5 FI A I A K 56 SOC il
TIVERE, LASG IE B (RS i M Az Ak v . itk SOC
TS Y 1 25 K ELAA 3 D =0 4. QOB 2 11 3% B
ALy s AL B @ P 6 th i) CNN-LSTM-AM
B S5 s @ LI SR G R A S 5O SR 24,
DAL 3K 2 560 I A TR F 4 A e R
1.1 EFEENHHIE CNN-LSTM

A SIS CNN-LSTM-AM 6 78 (it 5 kg HE 22
WP 2 From e HL AT AR A 4 0 Rt ) R
MR BEMEFSEE, EidmAERA. K,
P85 R BT DU AL R B OCV [ A A L8], 3%
AL 5 L SOC %5 AH O¢ . 35 Ha I 1) 51 A\ A8y A\
B LG ZENTELE, BTSN ImA
HGCHE PR U B I ) L A AR I, IR IR SOC
BB BARKRUL, ASCKHWEIFHIEEREAR, &
24 i I 20 22 R/ — AN A Py ) E R T R A %
I Z0 65 BT B & ORI R, HEERERR A

= 1
Vo=Vt Va 4V S

Kb, ¥, A I 200 B D E I LR VA



2984 BT R % i

2025 % 5 H

R AT AR

CEHg

YV

BT

PR

A%

ZIKI s n NTEBE DR

CNN-LSTM-AM RS B g R 1. 2
b, BFEE KBRS, W2 IR ER AR . SR,
FRE T E R BRI, AW E K 30 I RAUREL
UF. WaENE RS BCEE, HEOCR TR R
BRI, G 2 IR Rk E Ny 30, AN H AR 2
B B b s i Jkt— e .

&1 CNN-LSTM-AM #ERHiBESHILE
Tab.1 Hyperparameter settings for CNN-LSTM-AM

model
KA S KAl /44 7R
I ) 22 4 30
W E R 30
B 45 1 B RFE I /s 1
A N BUHE A — Ak 1 Y [-1,1]
it 2 I R KL Sigmoid
HIHH W 2% 2% Random
AL Adam
dropout 0.1
W rid 12 WG 2 21 2% 0.01
AL RN 64
IR X 50
PR RMSE

1.2 —HERHERLE

BRI G W4 RENE Ab B — 4R, RO — RSB
LM 2% (1D-CNN) 19200, iy FH ., Pk, H
AR IR A R T B 2 B I B K, DR e R
1D-CNN #HTHEFR . CNN BRI Z5 R n 8] 3 i .

CNN HAEE AFEmAE . BRE. k2.
R E Y . ACEHK CNN M4
$ 0 dropout JZ ik — Bk /b A R . CNN 4F
FEFREL 5 A N

MHELSTMZ
Kl 2 CNN-LSTM-AM # Y {E 4
Fig.2 CNN-LSTM-AM framework
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Fig.8 Current ,voltage, temperature and average voltage of DST,FUDS and US06 at 25°C

Kty O N H BT R R BT O, NHEIBEK
A E.
2.2.2 BRI A S RE VT AL FE AR
NT RS M SR, WA R (R, W
S RS EE) FER . ASCKHEKR
AN = R AL W BT (B e R L & =X /A W
2 (xorig ™ Xinin )

Xy, = e Tmn) g
X

max ‘xmin

(22)

T X A, 20 990 D R T2 T 0 A2 8 ) 5 KA A
RAME: X WIRIREHE X, AT — A )E O H A

PR, A SCAE H 5 #414R % 22 (Root Mean Square Error,
RMSE) #1°F 5 48 % % 2 (Mean Absolute Error,
MAE) VAl Fr$ 77119 SOC Al it PERE, & R

(y,—3) x100% (23)

x100% (24)

MAE =05,
R, N ORREARREG L S SOC
FLIAH: 5,99 SOC 53 7k B . RMSE Fi
MAE R T 0, 467 FUI L A 07



2988

SR i N

2025 % 5 H

3 SEWERKTR

Bt SOC &3t

AT E AT T CNN-LSTM-AM % Y f it
SOC HIthpe. MIEE 1 TESHKE, £ 0~50C
T BEE A DST #4825 %) CNN-LSTM-AM i
TG, EAFEEK R, CNN-LSTM-AM #& &K A
DST 4= B A0 21T 1 Sk . A T A TH T A AR 2L 1 ]
AR, AHI N FUDS 4 %81 US06 $ s 41

3.1

REUEEE o UMb, A8 A [E] £ s £ X CNN-LSTM
HEAT 45, 83T Eb % CNN-LSTM Al CNN-LSTM-AM
Ml TR 22, AT PSSR N = JI L] L3R = SOC
Al 12 e

FIH 5 ) 25 86 AN [8) 17 K %0 48 8 FUDS M
US06 56 1FE Il 25 5 1) CNN-LSTM F1 CNN-LSTM-AM
FEAS [F3E BE T ) SOC fli 14 g . £ | FUDS A1 US06
HARAEAE 0. 25, 50°C FMASHE N 2% 1) SOC Al it
gE A M AL TR Z W 9~ &l 12 fio, LA

100 100 100
— CNN-LSTM — CNN-LSTM — CNN-LSTM
801 g, J2FRSOC 801 WRe e szfrsoc L SzfrsoC
S 60 S 60f S
o g o
3 40t 3 40t 3 40t
20 201 201
1 1 1 1 " " " " " " " " n
0 1500 3000 4500 6000 7500 0 1500 3000 4500 6000 7500 0 1500 3000 4500 6000 7500
B [il/s B [H)/s I 18)/s
25 25 25
g 20 g 20 g 20+
?E 151 ?E 15 ?ﬁ 15F
=10t 10 =10
U U U
@} e} ®)
wn 5 «n 5t wn 5k
0 1500 3000 4500 6000 7500 0 1500 3000 4500 6000 7500 0 1500 3000 4500 6000 7500
i 1Al/s I [/ I 18/s
(a) 0C (b) 25C (c) 50C
K9 FUDS [ CNN-LSTM £ A [flifi 2 2 fF T~ SOC Fiill 45 &
Fig.9 SOC prediction results of the CNN-LSTM for FUDS under different temperature conditions
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Fig.10 SOC prediction results of the CNN-LSTM for US06 under different temperature conditions
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Fig.11 SOC prediction results of the CNN-LSTM-AM for FUDS under different temperature conditions
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Fig.12 SOC prediction results of the CNN-LSTM-AM for US06 under different temperature conditions
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Tab.3 Comparison of battery SOC prediction performance based on different models

CNN-LSTM CNN-LSTM-AM i CNN-LSTM-AM
Hd gk RE/C
RMSE(%) MAE(%) RMSE(%) MAE(%) RMSE(%) MAE(%)
0 4.3 3.5 1.7 1.5 0.68 0.57
10 3.2 2.5 1.6 1.2 0.68 0.51
20 3.1 3.8 1.9 1.5 0.73 0.60
FUDS 25 4.0 3.1 1.5 1.1 0.64 0.52
30 3.2 4.0 1.7 1.4 0.67 0.56
40 3.1 4.0 1.4 1.0 0.56 0.47
50 3.1 39 1.6 1.3 0.67 0.57
0 3.2 2.7 1.0 0.9 0.54 0.46
10 3.0 2.5 1.4 1.1 0.54 0.45
20 2.8 3.6 1.9 1.4 0.88 0.70
US06
25 4.1 3.5 2.0 1.5 0.54 0.44
30 3.4 4.1 1.8 1.5 0.74 0.58
40 3.2 3.9 1.3 1.1 0.50 0.41
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Fig.13 SOC prediction results of the improved CNN-LSTM-AM for FUDS under different temperature conditions
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Tab.4 Comparison of SOC prediction performance under different initial states

CNN-LSTM CNN-LSTM-AM M CNN-LSTM-AM
YIh SOC(%)
RMSE(%) MAE(%) RMSE(%) MAE(%) RMSE(%) MAE(%)
100 3.98 2.95 1.45 1.12 0.64 0.52
80 2.76 2.23 1.15 1.01 0.58 0.50
60 2.91 2.39 0.96 0.79 0.50 0.43
40 3.16 2.62 0.88 0.72 0.53 0.44
20 3.15 2.63 0.91 0.79 0.59 0.49
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Tab.5 Comparison of SOC prediction performance under

different temperature conditions

RMSE(%)
i/ C AT-CNN- EI-LSTM- B CNN-
LSTM26] cous) LSTM-AM
0 - 15 0.57
10 118 0.8 0.68
20 - 0.7 0.60
25 111 0.5 0.64
30 - 0.6 0.56
40 0.84 0.7 0.56
50 - 0.8 0.57
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Abstract Accurate prediction of the battery state of charge (SOC) is of great significance to improve the

utilization efficiency and safety performance of the battery, and the monitoring of the battery state of charge is

very important to help prevent overcharge and overdischarge accidents. The traditional SOC prediction methods

are highly dependent on the mechanism model and statistical model, and have problems such as sensitive outliers

and limited practical accuracy. In this study, a CNN-LSTM-AM (convolutional neural network - long short term

memory neural network - attention mechanism) model is proposed to predict SOC variation trend through battery

measurable variables.
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The model first uses a one-dimensional convolutional neural network to extract spatial features of measurable
variables, including battery current, voltage, temperature and average voltage, and then sends them to bidirectional
long and short time memory for time series analysis. Finally, the attention mechanism is introduced to screen key
features, reduce the redundancy of feature data, and improve the accuracy and generalization of the model. In
addition, CNN-LSTM-AM model adopts rime optimization algorithm to optimize the hyperparameters in the
training process, which effectively improves the training efficiency and reduces the training cost.

The actual evaluation on CALCE (Center for Advanced Life Cycle Engineering) data set of lithium iron
phosphate shows that the attention mechanism can effectively improve the training performance of the prediction
model, and the rime optimization algorithm adopted can help reduce the model hyperparameters, so as to obtain
higher prediction accuracy. The performance of CNN-LSTM-AM model was tested under different temperature
conditions, and both RMSE and MAE were less than 1%, which was sufficient to confirm the feasibility of the
model to predict SOC. In addition, even if the initial SOC is uncertain, the proposed CNN-LSTM-AM model can
still accurately track SOC trend changes, and the overall prediction accuracy reaches RMSE<<1.5% and MAE<<
1.5%. The RMSE and MAE results of the network proposed in this study are smaller than those of CNN-LSTM
and CNN-LSTM-AM. It shows strong robustness and generalization ability. Finally, in order to comprehensively
compare the performance of different SOC prediction methods, the CNN-LSTM-AM model proposed in this study
is compared with other experimental results. It can be seen that the method proposed in this study has significantly
lower RMSE compared with AT-CNN-LSTM. At the same time, considering that the proposed method uses less
training set data, we can also see the advantages of the designed network. Compared with EI-LSTM-CO(extended
input-LSTM-constrained output), it can be found that the error is close. In addition, EI-LSTM-CO performs some
post-processing on the predicted SOC, which can also reflect the superiority of the proposed method.

The following conclusions are drawn from the simulation analysis: (1) A CNN-LSTM-AM model is proposed
and applied to the SOC prediction task of battery, which can effectively capture important input features and
improve the prediction accuracy. (2) Design a rime optimization algorithm, which can automatically search the
optimal solution of CNN-LSTM-AM model, effectively reduce the time cost of hyperparameter optimization. (3)
The influence of different ambient temperatures and initial SOC values on the prediction accuracy of CNN-LSTM-
AM was studied, and the performance of CNN-LSTM-AM was compared with that of traditional prediction models
to verify its strong robustness and high generalization ability.

Keywords: Energy storage battery, state of charge, long and short-term memory, attention module, RIME
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