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Power Load Forecasting Based on MSWOA Improved Attention—-BiGRU Model
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Abstract: In order to improve the accuracy of short—term power load forecasting, this paper proposes a mixed strategy based improved whale
optimization algorithm (MSWOA ) improved Attention-BiGRU short—term electric power forecasting model. The model first uses bidirectional
gating recurrent unit (BiGRU) to extract the information of temporal characteristics of power data in both directions, and introduces Attention
mechanism to give different weights to the information of hidden states according to the characteristics of extracted information to increase the
influence of important information. To deal with the parameter selection problem of the model, the parameters of the neural network model are
automatically selected by the MSWOA algorithm, and the parameters of the network model are optimized to make the optimal prediction effect.
And by training and prediction of electric load data, the prediction results are compared with those of BiIGRU, Attention—-BiGRU, and the
whale optimization algorithm (WOA) improved Attention-BiGRU models. The test results show that the prediction accuracy of the optimiza-
tion model proposed in this paper reaches 98.829%, which has better results compared with the traditional WOA model for the improved Atten-
tion—BiGRU network model, and has higher accuracy and stability compared with the neural network model with manually selected parameters.

Key Words: power prediction; bidirectional gating recurrent unit; Attention mechanism; improved whale optimization algorithm
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Fig. 1 GRU unit model
Ell GRUZATEE

th Lk, R S HT I 2 A Lz, A3 AR T TR
W, W, W W, W, FW,_ REERESERE b, b, b, b,
by, A, Ry BT . o 18R sigmoid PR%K, tanh £ XL
il 1E DT pR L o AU PSRRI 1) B

1T GRU FUR I I 5] 747 o) B A5 6, U5 18 1 D e
KO A S T 20 1 ROk I 22 A B 5 B . BRI, AR S
3% FH AU 10 K 58 12 42 W 4% (Bidirectional Gating Recurrent
Unit, BIGRU) {2 1 28 [ 45 K52 780, BIGRU ph ¥4 25 10 [1] /3 51]
BT 1) A48 19 GRU 1S 1) A5 47 19 GRU e JI it i, 7] LK
T3 G B XTI R FEAT AT AR . BiIGRU A4 4 A 7Y
WP 2 s o dlad GRU A IE 1) A5 58 FLEC ) (48 , e X phe
T h, AR

Fig. 2 BiGRU propagation model
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Fig.3 Schematic diagram of Attention mechanism
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Fig.4 MSWOA-based Attention—-BiGRU training process
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Fig. 6 Prediction results of different models for seven days
El6 AREEETRETM LR

Table 3 Comparison of the error of different models for seven days

F3 AEERTRIIRELE

FY RMSE/MW MAPE/%
BiGRU 482.122 6.248
Attention-BiGRU 330.996 4.437
WOA 340.764 4171
MSWOA 300.734 3.611

Hy 2 3 A 41, MSWOA i RMSE Il MAPE #4i% T Hoth st
B, MSWOA Y MAPE 4 3.611%, 43 5] [t BiGRU | Atten-
tion-BiGRU . WOA it T 2.637. 0.826. 0.560 4> F 4% i ;
RMSE 4 300.734 MW, 43 Jll Lt BiGRU . Attention-BiGRU .
WOA fiX T 181.388.30.262.,40.030 MW, H2 3} 7510 45 5 wf

AT, B MSWOA 59 40 Ak 75 21 A 190 28 85 80, AH 5 T Ho At 1)
RREH A PERE T AL UE B T MSWOA 3575 RE 8 A8 Sl 7w
25 W25 n T e

3 #iE

AR X E g A7 ey BN H — P L MSWOA (1)
Attention—BiGRU [ 8 452 8 | | H] BiGRU (%) s 7 79 0
PE, 51 Attention {3 3 1 ML H = B 28 9 45 1) 1 g L 38
T VR SR A A i £ (TSR B 3 R e 2 A I
WHR A 2 5 S5 6 B ) ST BOE 7 90 E | S0 56 45 SRAIF
B, MSWOA 1] A3 24 il 8 I 4% 16 T 00 K B8 . TRl A 5
WOA HH H , MSWOA 78 11 25 N 26 S50 3 i A8 v o AT
BOOME T WOA Y SIGHE FE 1S A Bl . BT AR SO R B X
B — H ) BT B S B AT B, A 1] 2 I A RS
HEeHRiE—LRIrEE R MRE

S 3k -

[1] SAMEH M, LARBI C A, BRUNO M, et al. Predicting energy consump-
tion using LSTM, multi-Layer GRU and drop—GRU neural networks [J].
Sensors,2022, 22(11) :4062.

[2] CHENG Z W. Research on the detection and prediction of power consump-
tion anomalies based on machine learning [D]. Chongging: Chongging
University of Posts and Telecommunications, 2020.

LS. ATMEFI e HeFmnsmnme(D]. £x:F
JR R K 5, 2020.

[3] LIUHQ, GAOF, WANG Y L, et al. Short—term electric load forecasting
based on Dropout—ILSTM network [l Electricity Measurement and In-
strumentation, 2021, 58(5): 105-111.

X6k, FHE, T, F. AT Dropout-ILSTM R % #5428,y f #5F
FMI]. w5 AU, 2021, 58(5): 105-111.

[4] WUMF, ZHANG G J, JIN C H. A time series prediction model based on
multimodal information fusion[J]. Computer Applications, 2022, 42(8) :
2326-2332.

REE, R)E, &FR . KT SR &AM 5 7] T A
(J]. 3H5EALE A, 2022, 42(8) : 2326-2332.

[5] SUWJ,LIUM J. Optimized Attention-Bi LSTM model based on whale al-
gorithm for short—term ship traffic prediction [J]. Journal of Wuhan Uni-
versity of Technology,2022,44(5) :34-39.

b A, KR . AT & & H kAL Attention—Bi LSTM A7 a4 42 1A
Ap M [J]. KR LKFFIR, 2022, 44(5): 34-39.

[6] LIW, QUAN C X, WANG X Y, et al. Short—term power load forecasting
based on a combination of VMD and ELM [J]. Polish Journal of Environ-
mental Studies, 27(5) :2143-2154.

[7] HAN LY. Research on the application of machine learning with fused da-
ta preprocessing in power forecasting [D]. Beijing: North China Electric
Power University (Beijing), 2016.

. RRARIETRALIEGHLE F T LR TR b ey m AFFR[D].
e Aeded A KA (AL, 2016.
[8] WANG Y R, WANG S Y. GRU-based neural network for electric load



10 H +*

. FE T MSWOA i Attention-BiGRU 54U (1 v, 7 47 fap Fi il - 89

[10]

[12]

forecasting[ J]. Electrotechnology, 2022(10): 123-125,129.
FEPide, EETF. ATCRUAZM%W L H AFFAM[)]. & THK,
2022(10): 123-125,129.
LI J, PENG Y H, CHENG Z Y, et al. Prediction and analysis on short—
term load of power system based on LSTM[J]. Meteorological and Environ-
mental Research, 2022, 13(4): 116-117,124.
GONGPY, LUOY F, FANG Z M, et al. Short—term electric load fore-
casting method based on Attention-BiLSTM—-LSTM neural network [Jl.
Computer Applications, 2021, 41(S1): 81-86.
£Ws, F =%, FAM, F. LT Attention-BiLSTM-LSTM #F & W
sz e ) Rl ok (] SR AL R R, 2021, 41(S1) -
81-86.
ZHANG Z Y, WANG K K. Electricity load forecasting based on gray cor-
relation and sparrow search algorithm[J]. Journal of Liaoning University
of Engineering and Technology (Natural Science Edition) , 2022, 41
(3): 283-288.
R, EII . AT RE XKLL F H R 8 A 5T
[J]. T7 TRERRFZROAAAFM), 2022, 41(3): 283-288.
ZHANG Y F, PIZY, ZHU R Q, et al. Wind power prediction based on
WOA-BIiLSTM neural network [J].
28-31.
RET, KT, A%k, 5. AT WOA-BILSTM 4% & M %64 ], A
K Fm(]]. & TH K, 2022(10): 28-31.
JIAR, YANG G H, ZHENG H F, etal. A combined CNN-LSTM&GRU

Electrical Technology, 2022 (10) :

wind power prediction method based on adaptive weights[J]. China Elec-
tric Power, 2022, 55(5): 47-56,110.

R A&, AL, HKEF, F. AT HEEREH CNN-LSTM&GRU 4L
SRl R ik []]. P E e A, 2022, 55(5): 47-56,110.
ZHANG B, JIA M Q, XU J Z, et al. Network security situation predic-

[15]

[18]

[19]

tion model based on EMD and ELPSO optimized BiGRU neural network
[DB/OL]. https : //www. hindawi. com/journals/cin/2022/6031129/.
TIAN Y J, GUO N W, XU D H, et al. Combining attention mechanism
and BIM features for power energy consumption prediction[J]. Computer
Applications and Software, 2021, 38(6): 39-45,51.
WA, FAM, BAEKE, F. EEEE AN L BIMA LN & A4k
IR [J]. A 5 #2021, 38(6): 39-45,51.
CHEN Y J, CHENG G X. Short—term load forecasting based on SFO—
GRU model [J]. Modern Information Technology, 2021, 5 (4) : 93—
96,99.
MEE, M F. AT SFO-GRUARA th 42 8 S A7 FAmI[]. IARAZ &
A, 2021, 5(4):93-96,99.
QIU X G, WANG R Z, ZHANG W G, et al. A whale optimization algo-
rithm based on hybrid policy improvement [J]. Computer Engineering
and Applications, 2022, 58(1): 70-78.
AE, Esbse, KREE, F. AT RA RS ARG &
[J]. 3 Ael mm, 2022, 58(1): 70-78.
ZENG Y J, XIAO X Y, XU F W, et al. Short-term load forecasting
method based on CNN-BiGRU-NN model [J]. China Electric Power,
2021,54(9):17-23.
YE4Y, HAH, k4%, ¥. AT CNN-BIGRU-NN 2 ¢ 42 3 %
AR A k] P E R A, 2021, 54(9): 17-23.
DANG Y. Short—term electric load forecasting based on improved whale
algorithm and recurrent neural network [D]. Chengdu: Southwest Jiao-
tong University, 2019.
SEH . R T Aotk ok & Sk A PR IR A 22 ) % 09 520y AT (D).
ARAR: B 38 K F, 2019,

(T4 & L)



