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(multi-scale temporal convolutional network, MS-TCN).
7 4% A7 B ECSN g 19 4% (gated position-aware transformer
encoder, GPATE)5 X[ [ 745 1§ 4 ¥ 7T (bidirectional gated
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Transformer 15 !, B #2451 7 RMSE F1 MAE P Dl #5 47 |
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ABSTRACT: [Objectives] To enhance the stability of
renewable energy systems and achieve accurate photovoltaic
power prediction, this study proposes a hybrid prediction
model integrating a multi-scale temporal convolutional

network (MS-TCN), a gated position-aware transformer

EEWAE: HXKEAREEEEITH(62263019).
Project Supported by National Natural Science Foundation of China
(62263019).

encoder (GPATE), and a bidirectional gated recurrent unit
(BiGRU). [Methods] The MS-TCN module is first employed
to extract local features from multi-dimensional time series
data. Then, the GPATE module is introduced, in which the
traditional feedforward network is replaced by a position-
aware multilayer perceptron, augmented with a gating
mechanism to suppress noise and enhance the model's ability
to capture long-term dependencies and global contextual
information. Finally, the feature representation of MS-TCN
and GPATE is fused, and BiGRU is used to construct
bidirectional temporal dependencies to further strengthen the
modeling ability of complex temporal dynamic features.
[Results]
proposed model achieves significant improvements of 42.87%
and 29.37% in RMSE and MAE, respectively. [Conclusions]

Compared with the Transformer model, the

Through structural innovation, the proposed model effectively
improves prediction accuracy and provides reliable support
for power system scheduling under high penetration of

renewable energy.

KEY WORDS: renewable energy; photovoltaic, power
prediction; multi-scale temporal convolutional network (MS-
TCN); gated position-aware transformer encoder (GPATE);

feature fusion; structural innovation
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Hr BE VR AE A BRAE VR 45 K vh i o BRI 31 60%,  H
O ORI XURE R o BRI 50%7. 2019 £E AT ER
AR = RN 633GW, 1T 2024 FEAEREAR
WHLARCLEI T 12006W, 1Kl 550,
SRTT, DRI HL R Gt 5 52 K B0 4 1R R S5 R S5 A 3%
[R5, FEI B2 B BEALIE . TRLRME . AN E
PEFOGE B PRS2, I e PR 25 6 AR A L D 2 Tt 5
KB,

MR A I 77 92 B ) 22 ek, AR T R T
TIVERT Gy R 2E 2) . LA 5% ST FIIR BE 2% 2] 3
J7iEM s BT guih 2 ) BOGAR D I T, A
& 94F 28 PE [ V9 # 2 (nonlinear regression model,
NLR)™. /R FEl K 4HE(Markov chain, MC)#x 72
1 H [F] 13 2 3h ~F ¥ 5 7Y (autoregressive moving
average model, ARMA)RIEE (W 2R A% AU 38 5 %
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ERA PR

BL#& 27 21 77 9% R G i K1) 3 2 1 B Oi e
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ke L APON T E S8R HA RN R, Bk
R R REGE R RN, Hkgs & H#E
It AL 575 (chicken swarm optimization, CSO) 1%
FR 2% 2] Ml (extreme learning machine, ELM)Jj 7%t
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W, AR T REFRIRERE, IR SR 2% 5] )
R, R H G B 4 M 4% (convolutional neural
network, CNN) K fifi $& B /57 20 95 o 19 J5 30 AH ¢
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i, FONEGE P REE. R EART
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o
Arh: XONEME: m ABERREASE; s IR EL
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(RAGEE P /N

X _xmin (5)
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s X RE—WERME: xNEEE: X X
53 5 R JE AR A B KB AN B /M
32 BRREBIIFEEHEER
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JE. BRI E . MXRE . AR FWE.
JRGE DA ] 55, ARG R 20 R L D ER
Wi R 2 &S, PR AR SR Y PCC R -5 AIE 5 i
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KFHIE. PCCHILMHEM K, RRZAELEY
i Th Z A oG R, kB A ()
N, SPITEERIE 1R

x'=

> (a—ayb,~b)
r(a,b)= —=1 (6)

/E(a,.—a)zz(b,.—bf
X a NN R b N R; NAEAREE;
an bAYHINEIANMANER . WA a kA
BRI bR
1 OLRE TR STRBERIRRRY

Tab.1 Photovoltaic power output and its correlation

coefficients with environmental variables

WHIR & S ¥
LR AR 0.892
MEERR 0.883

BRI 0.858

iR R 0.839
AR -0.653

AR 0.062
P -0.053
AR 0.707
PRI 0.145
e Y -0.054

RIER VKRS T A, AR SRR
FE . BRSO P S SR AR AR 1 A 5%
ABIYE0.830 LL B, DIIAETIRE . AR
AR AR I 4 SR R AR & L D A AR AR K
SO, AR U B R o S R AR A AE SR DS
FHOG R Aa0HE R T 0.1 PR EE PR 2R B2 i 45K,
AR SCE IR S . BB, B RE.
PR R . ARG PS5 IR R OV R A
NEMCRE BRI EE AR B R,
3.3 MESHRE

SCH BT Winl 1 #1E R 40, i5-1155G7 A3
%, KFH MATLAB 2023b f4 & SC50 ¥R 85, W25 )l
GZRBEM T ¥R EEN0.001, fEEK
NBCTE 200, FEIRIE N 100, $5K BRECBRE N
RMSE(root mean square error, RMSE), fItft#%i%
F Adam Optimizer. I4h, FEHRILIES = 2 X5
NN GREEFNI R o
3.4 VMRS

R T UEAAR SO 7k e ge e e, SRAH Y
J7 i % 2 (RMSE). 33 44 %} 1% % (mean absolute
error, MAE){E N W PEM FE bR, 1H 5 AR
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LU 2 H o B 53 5 SANRE 8 4l 2 BUAS R Z= 10
RT3k AR AR A RS, I RES IR IE T $R A

LA A2
Fon= [ 2070 D e i g PRSI R . W4
. . " Sat6l, Y RT 80% T KL % M-
Fun= 23055, o B A5 80% R A

R BHOIAT TG, 5 20% KA HUR MR
A B NETRRE : By TR g py o o i, 304 3021 0 M08 e

%2y NEREDERACB IR PRI Srme 5 E SRR AR . R 1 5 e v

IRAHBIIA n TS E A, I3 e BURE A R 1) 8 o Bl 4R A
3.5 SERIE KT S8 Bt CRAR R 70 75 SRR 2 FroR), 1280 i

R EAEELR 7 MR B 4 THIRE, TR RSN, REHE A RO
SRIXEN3—5 A, 6—8 H, 9—11 H, 12. 1. RSV

K2 EWHESREBESR
Tab. 2 Selected typical datasets

Hdf R CHID
HF H B K
YIZREE 3072(2021.03.09—2021.04.09) 3 072(2021.07.03—2021.08.03) 3 072(2021.09.01—2021.10.02) 3 072(2021.01.01—2021.02.01)
H=ES 768(2021.04.10—2021.04.17)  768(2021.08.05—2021.08.12)  768(2021.10.03—2021.10.10)  768(2021.02.02—2021.02.09)

9 T S G B AR S I R T 2 AR Rl S 43 A i% H CNN-LSTM"", GRU. Transformer" }%
(R R IR GAR T 22 FAR Y B AR s, e F 2 P TCN-BiGRU-Attention 2 Fft 4 Ji& °7 2] J7 154 9t
PRI 7 V54T T AT R REXS L. TnER 3 P, tb2H. VP FEFRIFEE T MAE. RMSE.
#3  AFEEALE AN FA RN RIS

Tab.3 Comparison of evaluation indicators of different models across four seasons

_— HE ES e Kz
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
GRU 2.03 311 2.41 3.58 2.54 3.25 3.63 431
CNN-LSTM 1.68 2.94 1.74 2.85 1.64 3.36 3.23 3.35
Transformer 1.32 2.29 1.45 2.68 1.26 2.35 2.54 3.16
TCN-BiGRU-Attention 1.54 247 1.32 2.57 1.36 2.53 1.75 291
ARSCERY 0.84 1.65 1.21 2.48 0.91 1.85 1.45 2.75

MR 3R, ASCHRER A TEFRE 4D AR KEE B OB TH R B W BAL % . e R
T B B A BRI AL . AH EE 40 EE AT TR, BIREEER, @G R)ETCON S
HR R ILE R, EEEKL 4N FETNEIEE L, B S B 7 ML 9 TR A B AL (B TCN-BiGRU-
A S FT HR REH MAE 2 B FE AR T 36.36%- Attention B ), H MAE {8 M bt 8 % B A 7Y 1)
8.33%. 27.78% Al 17.14%, RMSE % 5l &A% T /N, IR R Y TON AR Bl -~ A 3 77 Ti R
27.95%- 3.51%- 21.28% F15.50%. AU RS Hsh, HIYZ=F ) MAE # GRU 2

ASCHE AL 5 25 i Transformer B SR F126.86%. AHIALEN 454 LIRS A, HEXR
M7 2 kEZPEE DA WNE3HSE  FI MS-TCN AR GPATE 5 B 4id T 45 850 K4l o7
WERA LA N, EFEFMKE, RIERYN B BURyE, #1505 MAE 5 GRU #
Transformer, F: MAE {f AH %5 T FoAth X PeAss Y 44 i F+ 1 58.14%.
/INo A, Transformer 17 PUZ51-34 MAE % GRU R B O b R R T R B, AR SN 4N
$EF+39.25%, WG ANZ SKIER NG, A B S o IR B T 4d B, B R, £
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Fig. 5 Comparison of short-term prediction performance across different models

0 EE ] 5 A R R S ROR TR
£ 4 CNN-LSTM 5 GRU #5 B 75 4 KA 4% A+ R 1
T Redc e, UHAER . LT RS
2 L] Al 22, Hrh GRU R 7 iR S R AR I
B2 BT O . A T R A g R RS R
R RIZI B, W 7Ry RN, 54 SE
IR ) 2 3 LA ST AT RGN e R . AHEEZ T
BT B & JIHLH ) Transformer #5228 5 TCN-
BiGRU-Attention i & 45 284 ¢ J th B 58 1) & A 12k
VW TR AE B 4 = T GRU . #RTf7, Transformer
R E A4 SR s, (R LB BCE 3 ML 5 3
XF R RFAE IR HE A A€ . TCN-BiGRU-Attention
B B AL T R AR AE SR, 00 BR 45 4 58 BB ]
KRAEEAR W EE D 2R KRB R H M
MSTCN-GPATE 5 BiGRU 41 & 1 i i 22 X 5 4
TERS L], 754516 J2 T SE w35 ok, 7ESEBR
DM A G rh R 6, B 5P T AR E
RIS E, FHH RS 78, BE
B T S

3.6 JEmIELS

DNSAE A S B SR rh S AR A R, 3R
MIIFJE T W R SESG . 8 I 28 20 7% B B % A 2 o
FIREBEALIE, RGEVPAL 1 & BEHOO A4 1 B8 1) 5T
ko SCUGAKEAE “H—ARE” RN, BOREEIR
OB — AN, DLORBRE S R AT Lk 5 4518 11
AR BT E DT 4 2000 HE S

D ¥ MS-TCN #& 8 # #:  TCN, LAVl 2
JROBE B 1] 25 AR ) 268 7 5] 1) 7 37 A4S R4 R

2) ¥4 GPATE Bl ) & 2 E A28 517
FEMLE B 4 bR AT 0 2%, DAPR T AR K WK
TR S AR R IR B R IEH

3) AR TCNER, IR GPATE &k,
FH T PPl TCN RS2 P e P A 7 DT Rk

4) F%PFk GPATE Bid, XREH TCN Bk, DL
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Tab.4 Ablation experiment results

LAY RMSE MAE
TCN-GTrXL-BiGRU 26169 0.949 5
MSTCN-Encoder-BiGRU 2.709 4 1.354 7
Encoder-BiGRU 3.053 6 1.527 6
TCN-BiGRU 3.6571 1.839 1

AR ARRY 1.666 3 0.802 1

H—Ae BRI EAR A, 128 2tk kil R
INGREERMREE AT LIS, AR WK S s,

SRR, PR B BB s
ZAAT S5, A SR 4 ) MSTCN-GPATE 5
BiGRU A& B3R IUAF T S A ) RMSE F1 MAE
f, D kEmt R (e R0 H, SEFRTA
AN LU, X AR IIE T % SR RN AL
TER—Z N RFF I TR RE, ERe A A 52
5 B FH A TR AE , SR R R Az A RE T S5 sk
YN ER- AR

RS BDHEZBLER

Tab.5 Generalization experiment results

i eit) RMSE MAE R?
GRU 3.9573 2.0325 0.8332
CNN-LSTM 3.3523 1.5627 0.8754
Transformer 3.0157 1.3274 0.8936
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AR 1.723 0.9373 0.9632
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