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Abstract

Wind power forecasting (WPF) is crucial for the large-scale integration of wind energy into the grid.
However, due to the randomness, uncertainty of wind energy, and the complexity of wind power
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data, wind power forecasting has always been a challenging task. This paper proposes a novel quan-
tum hybrid algorithm that can simultaneously capture the spatiotemporal characteristics of wind
power data. The algorithm comprises the following steps: Firstly, a quantum encoding model is em-
ployed to transform the normalized wind power data into quantum states. Then, spectral clustering
and self-adjacency matrices are utilized to construct the nodes and edges of a graph, enabling the
efficient capture of spatial features of the data and the integration of neighborhood information
through a graph convolutional neural network. Finally, we construct a quantum graph convolu-
tional network and incorporate temporal features into it. Thus, a Quantum Spatiotemporal Graph
Convolutional Neural Network with Attention Mechanism (Q-ST-GCN-AM) is proposed. Experiments
conducted on a simulation platform verify the feasibility and effectiveness of this method. The ex-
perimental results fully demonstrate the great potential of this method in the field of wind power
forecasting. The quantum hybrid algorithm proposed in this paper provides new ideas and tech-
nical support for wind power forecasting, promising to drive further development in wind energy
grid integration technologies.
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B A5 4= B0 T P A REUR 7 SR IR ARG, BB AR — P i (0 o] P AR RE VR ORI AR B # o kA
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L, RPN BT 380 #T0[2]. AT, % T XUBEAIBBNEANAS AT 0, PR T 2k 2 0 3%
IBENLIERAE, X 9L ) RGP AIES E I8 AT R 1 Rk .

FLIH B R SR A 5 3 AR TR AR R TR e Tk b BT AR GE N LA, BRI
TR ORI E . HIRAE BAI R R B B R shas kil t Uk it o AR geit Ik, ML SE)
W38 2 =) B340 37 4% 15 B HL 9] U5 (Support vector regression, SVR) R 4 [ 42 71 (Extreme gradient boosting,
XGBoost) i i HE BV R RFE[3], (H 5 2 Mg 75 s . A2 R, B4 M 4% (Convolutional neural networks,
CNN). KHE 012 M4 (Long short-term memory, LSTM)FI[ 121 ¥4 ¥ 75 (Gated recurrent unit, GRU)Z57%
FE 2 S SRR AE R T 20N (1) S v R B € [4] o IR R FE 5 o) BB @ o P2 R A () TR AAE , $E v
TR AERAYE . SR, B X LT VR AE T SR I (R AH OGP 7 T A T 3 R, e AT = TA) A S F R
THSRA IR, some 1 Tt 25 F A HERf T .

N T BRI R D) ZE RN (WPF) (A FE 5 3 45 SR R A 72 46 R FH P 22 I 28 (GNIN) SR A 42 XL K
FLBLZEL 1 7 (BRI o PRI 22 D0 288 72 DAINE 2 WIPF Hh s ) PRIt v S SRR AGE D T B s A A B Dl R
NI 2 6] O6 J ) R IR e GNIN AR e 35 22 0B 2 MR . SCR[S] v O 7248 A XU TR e L
BB IR T A BN KA 02 (GCN-LSTM) R AL, FH T 189 56 XU FE D R T o S 7R s 4
B GCN A1 LSTM 2%, Horpr GCN REHH T4 3k Ky & B i 25 [ AFAIE, 10 LSTM BEHL -4l 3R IS [A) 2Ry
fE. R IR AR EE A T 2 AR (A, (HAE Ab B AT 2% 2% B) 5C 3R 5 TS A B 723 1]

DOI: 10.12677/aam.2025.144193 638 I Ha it


https://doi.org/10.12677/aam.2025.144193
http://creativecommons.org/licenses/by/4.0/

PUEARANEE

EHE N, | PR MR e TR ROR[6],  TEIZM R I AR o 52 % Il L 1) R
o BT IUFERHET RS JRE I, GRS/ R (7] AL B R B8, R SCilI AT iR, X
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(Quantum Spatio-Temporal Graph Convolutional Network Attention Mechanism, Q-ST-GCN-AM). iZH 7 &
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Figure 1. Structural framework of GCN
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Figure 2. Structural framework of TCN
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Figure 3. Structural framework of AM
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Figure 4. Overall framework of Q-ST-GCN-AM

4. Q-ST-GCN-AM HEAKIELEE

DOI: 10.12677/aam.2025.144193

643


https://doi.org/10.12677/aam.2025.144193

PUEARANEE

3.2. EFER

H P E AR IS MR 58 TS oCE PR, HZ O Tl e & TERERERER
AR T RAERPRE 0 [13] o F W ImbS A SRR A B i, PR 652 R H &7 25 PR 2R 0 0T 2 i 50
AT AR, R BAWE G B EE, (HEXNE TSRS EERSZ], Hil®E FR&Een
H AW REPE 2 0F o A B G DU 3 e 2 11450 4 0 280 S 5 B3 2 1 T S AR S 2 T

7E QCN By R T Ym b i By, SCHREAE TR NS5 X AT R R, idfEX > H, HpH
REARIKAAREZE A 0 TR IR EE, IR B % t T8 X = (X, Xy, X, ) TE AN EE 5 Ho o
foE n ANE TR, HARE SON:

U, (1):xR" —[p(x) = © (cos(x)[0) +sin(x)[1)
S, x R AR | AR
0 NKHESID DA x. y SRR TR 900, IRASHER BT S, = © U, B
() ~sn(4)
() o)
FEHERETT R AR M FI T L U0 A AEORHE R R, 9 SR AR A R0 X, y e

BWHATE TR BN ARRI B MO R T R, R AR, WX IR AN BT A S ] x
My BRI o o BARAKXIT:

RA@:[W“@ —mﬁw}&w%{wq@ 4qu

—isin(a) cos(a) sin(a)  cos(a)

T

Figure 5. Parameterized quantum circuit diagram of Q-ST-GCN-AM
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Figure 7. Prediction results of all models
7. TEEETUNEER
Table 1. Comparison of 30-minute prediction results among different models
F 1 HEMERE=+ TN REX
Methods MAE RMSE R?
Q-ST-GCN-AM 3.1988 3.9535 0.9896
ST-GCN-AM 3.2035 3.9622 0.9877
GCN 10.7927 12.0237 0.8473
STCN 4.4850 5.9194 0.9622
BiGRU 5.0146 6.0081 0.9610
LSSVR 14.8400 16.3079 0.7129
RF 6.0676 7.7115 0.9358
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