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Figure 1 A partial correlation graph between EV

charge load and characteristic data
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forecasting model
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Figure 4 SSA optimization result of charging station A
3.3 SWMNERILERSITiR

B X EUTT AL PR FE L U A RN SEPR FEHL VG B,
# LSTM . BiLSTM, noFS-CNNAM-BiLSTM . FS-
CNN-BiLSTM'*'  FS-CNNAM-BIiLSTM HI A 3¢ fr
PR AL TR (Y T 25 S HE AT X L, AR 3P R T
DU AR R 2 4 4% R 3.2 4T A SSA Pk T A L i
T, A T A AR S B R 3. 2 1 b SSA
Ak B 90 06 (H B B, AE 2023 4F 10 A 18 H 1 Xt
R mE s s,

A HEH MAE RMSE MAPE 1 R® “Hy 4% Y50 4
RIPEREFE bR, X UG L AN 3R 2 Fk 3 FoR, MR 2 M
23 M, X T O 4 AT LSTM |, BiLSTM | noFS-
CNNAM-BiLSTM FS-CNN-BiLSTM ">’ il FS-CNNAM-
BiLSTM, i $& 75 2 il I 357 ol X 5 L 3 A 78 HRL 71 i

I, MAPE 4y %) F % 3.824 9 143 15 .3.296 5 & 4
A.3.332 1 A4r A 2,087 1 F 4 A F 1,882 3 4>
S TR L X FE L Y B ST U far B, MAPE 43 3R
[ 3.654 05 3. 122 4 43/ .3.252 6 H 40 M.
2.132 3 [ F11.951 4 7143 5, X S22 LSTM
Fl BILSTM oK R A &042 48 78 i 61 ff 5 i A 2 TR RRAE
() %) S B M, PR ot 909000 &% SR AN 4 FS-CNNAM-BiL-
STM, T1fii noFS-CNNAM-BiLSTM & X iy A FRAF #F 47
ik, B A Z IR AR 2 RS BRIk
A RAE A A O 22 U5 R AE 5 T H B A R) A S I
E—25 AR SCHRI A AM 2ieiF CNN 2% 38 o A 5 43
Pie 0y 2 S OB AF S 5 T CNN X 2 4ERRAiE 7Y
48081 R A SCHr S B AL 5] AT SSA i
I B S8, i — D 5T T I ROR .

............... LSTM e BILSTM

250 1 n0FS-CNNAM-BiLSTM- - - - FS-CNNAM-BILSTM
............... FS-CNNAM-BILSTM — A&7

200 - - - - FIHHE

Z 150
=4 N
LR Vi
R 100 § 2
50 -
0 L
4 12 20 28 36 44 52 60 68 76 84 92
i ) Ao
(a) FRHIHA
T4 — LSTM [ BiLSTM
1n0FS-CNNAM-BIiLSTM - - - - FS-CNNAM-BIiLSTM
............... FS-CNNAM-BIiLSTM  —— &35

300 (- - - - H3EHCE

4 12 20 28 36 44 52 60 68 76 84 92
IS TA) 1
(b) FEREHB
B 5 ZMBMATETNERITLL
Figure 5 Comparison of prediction results of different

prediction methods
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Table 2 Comparison of performance indicators of

prediction models( charging station A)

MAE/  RMSE/ MAPE/

By 4E o) A Y
kW kW %
LSTM 9.587 1 12.171 8 5.3719 0.958 4
BiLSTM 8.947 8 11.2385 5.176 3 0.964 5
| noFS-CNNAM-
9.822 0 12.5253 5.8775 0.9559
2 BiLSTM

#  FS-CNN-BiLSTM 7.7453 9.7070 4.6750 0.973 5
FS-CNNAM-BIiLSTM 7.374 5 9.218 6 4.4623 0.976 1
AT 47930 6.0922 2.8300 0.989 6

LSTM 11.627 1 14.640 0 6.576 5 0.920 7

BiLSTM 10.538 6 13.278 3 6.048 1 0.934 8
i noFS-CNNAM-

. 10.354 6 13.192 8 6.083 7 0.935 6
b BiLSTM

42 FS-CNN-BiLSTM  8.296 2 10.612 7 4.838 7 0.958 3
FS-CNNAM-BIiLSTM 7.983 3 10.208 5 4.633 9 0.961 4
AR 4.7123 6.116 8 2.751 6 0.986 2

x3 WMNERMREERITEER(FTEI B)
Table 3 Comparison of performance indicators of

prediction models( charging station B)

MAE/  RMSE/ MAPE/

B 4 T A 7Y
kW kW %
LSTM 14.675 1 18.654 3 5.512'8 0.955 4
BiLSTM 13.636 5 17.1722 5.267 1 0.962 2
il noFS-CNNAM-
14.217 8 18.226 7 5.629 5 0.957 4
4 BiLSTM

#£  FS-CNN-BiLSTM 11.251 1 14.2055 4.497 8 0.974 1
FS-CNNAM-BiLSTM 10.791 3 13.584 2 4.321 6 0.976 3
ARSI 6.8575 8.799 1 2.6865 0.990 1

LSTM 16.767 4 21.376 3 6.544 1 0.917 7

BiLSTM 15.238 9 19.300 6 6.0125 0.9329
it noFS-CNNAM-
) 15.450 8 19.998 0 6.142 7 0.927 9
b BiLSTM

#£  FS-CNN-BiLSTM 12.697 8 16.2337 5.022 4 0.952 5
FS-CNNAM-BiLSTM 12.272 5 15.664 0 4.841 5 0.955 8
ARSIk 7.3452 9.576 1 2.8901 0.983 5

(@D i R 1 - B NS = R - e
CNN ,AM F1 BiLSTM 4 {3, fig XJ 45 Ak £k 43 0 B ]
J¥ A (8] 0 IR 67 A Az 48 . RIS 5l A T 2T
Bz SR b AH 2 2R B FS T3 BB HEBR A AR O 1 R
TEBSCHE | DA s % a8 AH R AE A 32 408 0

(2) 3] A SSA %% CNNAM-BIiLSTM T il 5

RUrh 8 S 80T B Ak, — T TE BE /N XN T il
B[] A T E 5 55— 7 T RE R B I5c U S 4k, A4 T i
T ) T A

(3) %A 3¢ Ar 48 HY Y SSA-FS-CNNAM-BILSTM
T ASE 78 )R T S S R A R Sl B 2 AT 5
UE, 5 LSTM i il A% 78 | BiLSTM i il A% %Y | noFS-
CNNAM-BiLSTM T3l 45 #4  FS-CNN-BiLSTM i il £
A FS-CNNAM-BiLSTM 3 il 45 4 34F 47 X5 LE , B iiE 1
AR SC T 4R AR A A A T AR DL R R AN R 3 R
f14) 38 g P

(AR 332 3] v BT T By A R 2 R BT 33
H (3423020012) 19 %)
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Attention Mechanism
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Abstract; In the context of large-scale electric vehicle (EV) charging load of to the distribution network, the spa-
tio-temporal uncertainty of EV charging behavior makes it difficult for traditional prediction methods to accurately
describe its dynamic characteristics, which directly affects the effectiveness of distribution network operation optimi-
zation and charging scheduling decisions. In order to solve the problem of strong dependence on the timing of EV
charging load and complex influencing factors, a charging load prediction method for EVs based on parameter opti-
mization and attention mechanism ( AM) was proposed. Firstly, the input feature data were screened by Pearson for
feature screening (FS). Then, based on the CNN network, an improved AM network was introduced to construct
the CNNAM network. Furthermore, an EV charge load CNNAM-BiLSTM combined forecasting model was pro-
posed, which used a multi-layer convolution layer, AM, and two-way structure of BiLSTM to improve the mining of
charge load characteristic data and time series, and sparrow search algorithm (SSA) to adaptively optimize the pa-
rameters in the forecasting model. Finally, based on the actual load data of charging stations in Wuhan, the SSA-
FS-CNNAM-BiLSTM combination forecasting model proposed was compared with the traditional deep learning fore-
casting model and combination forecasting model. The results showed that the proposed forecasting method achieved
better forecasting results and had stronger adaptability in the complex dynamic environment.

Keywords: electric vehicle; load forecasting; deep learning; combination forecasting; feature selection; parameter

optimization



