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[ Abstract] Power foad forecasting significantly impacts the deployment, planning, and operation of power systems.
However, the impaet of input characteristics on power grid load/isyunstable, and the long-term memory ability of
recursive neural networks to capture load data is poor, reducing/the forecasting accuracy.A new prediction model based
on a dual attention mechanism and Gated Recurrent Unit (GRU) network was established in this study. The feature
attention mechanism was used to autonomously analyzethe relationship between historical information and input
features and extract essential features.Moreover, the historical“information of key time points in the GRU network was
independently selected based on a temporal attention\mechanism to improve the stability of the prediction effect over an
extended period.The experimental results for thfee public data sets show that the prediction accuracy index of the model
is satisfactory. Compared with the Support,Vector, machine Regression (SVR) , Kernel Principal Component Analysis-
Extreme Learning Machine (KPCA-ELM ) ,\Deep Belief Network (DBN) , GRU, attention-GRU, Convolutional Neural
Network (CNN) -Long Short-Term Memotry:( CNN-LSTM) , and attention-CNN-GRU models, the prediction accuracy
improved by 2.47,1.14,1.93,1.37,1.04,0.74,and 0.41 percentage points, respectively.

[Key words] time series prediction; GRU network ; feature attention mechanism ; temporal attention mechanism ; short-
term load forecasting
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Fig.1 Structure of GRU network
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Fig.2 Feature attention mechanism

B 58 A BF (8] 3 8 15— B %) GRU 4% A9BSR
A b, BSY AT 205 A REAE xS REAE R R T AL
B i A, AR 2 (5) X 24 i s 21 4% SR AiE R A T AR
H ARG A R A (6) 1 10— fh Ab B, AR 418 1 & 1 AL
o 3 ol IS A OC i A (S S 3Rk R X i e 20 15
FI) (1 A X R AR A R, R X, AT A N A
I FRAE By 52 g .

el =V tanh(W,xh,_, +U, xx +b) (s
Hi.v, e R". W, e R U, e R [ Z R RANLE
T IUIE b, € R NIRE S 807G N D 4%
GRU W 45 15z J7 — )2 BRUik )2 #h 22 Joa, R AiE AL
ek it A5 B it s Xan =X (6) F=l(7) frs

M
a! =softmax(e/)=exp(e’)/ > exp(e)) (6)
i=1

X,=(a}x},afxf,m,ayx‘,”)TeR”M 7

3 o R AR T L 27 2T S TR 2045 A A REE 5
o JO S far 47 SO AE DG | I B 2 07 A 3 D 4 e A1)
FEAE AR SRl A8 SCREAE 52 ) 7 K 55 A0 A AH OCRRTIE o
227 HREE AN

Jei B A i TR A A 1 100 52 P SRS S e Bk, HL
ANTRTHS) 2] () 72 g 55 L 52 0 Sy ANTR) o SR F 58 4 — DI s
PR AT BT /iy T0 25 3 0 s i R B, 51 A& 3
7 B B TR I AL & GRU W25, L 38 W AL 3R 5 s
R B I 5m Ab AR OGBS 2R S5 B 8952 77 o

B3 HEEEANE

Fig.3 Temporal attention mechanism
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