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Multiformer-TSA-based photovoltaic power forecasting method

CAI Ziwen"?, TAN Zhukui’, ZHAO Yun"?, ZHANG Yuelang®, LIU Xipeng"®, ZHANG Houyi’
(1. CSG Electric Power Research Institute Co., Ltd., Guangzhou 510530, China; 2. Guangdong Provincial Key Laboratory of Intelligent
Measurement and Advanced Metering of Power Grid, Guangzhou 510530, China; 3. Electric Power Research Institute,
Guizhou Power Grid Co., Ltd., Guiyang 550002, China)

Abstract: To address the limitations of current photovoltaic power forecasting methods, which rely heavily on
meteorological monitoring and classification techniques and are unable to achieve accurate all-weather forecasting under
large-scale complex data, a Multiformer-TSA method based on a two-stage attention (TSA) mechanism is proposed for
photovoltaic power forecasting. First, a cross-scale embedding layer is constructed to generate staged sampling tokens
and collect photovoltaic sequences at different scales, thus extracting cross-scale features. Then, point-based segments
of different dimensions in multivariate time series are embedded to form new feature vectors, capturing cross-
dimensional dependencies. Finally, cross-scale and cross-dimensional dependency information is fused through the TSA
mechanism to achieve accurate all- weather photovoltaic power forecasting. Multi-scale forecasting comparison
experiments and ablation experiments are conducted on a publicly available photovoltaic power dataset from Alice
Springs, Australia. The experimental results demonstrate that the proposed method accurately captures cross-scale and
cross-dimensional features of multivariate time series and improves the multi-scale forecasting accuracy of photovoltaic
power generation. Compared with existing methods, the proposed method achieves the best performance in terms of root
mean square error (RMSE) and mean absolute error (MAE).

Key words: photovoltaic forecasting; multivariate time series; cross-dimensional feature; cross-scale feature; two-

stage attention mechanism
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Figure 1 Heat map of Pearson’s correlation coefficient
Ay P T AT L A SRR RO R R S R K
X G AR R v T R B 5 R I L AR SR DGR & e
A DA G PR RE KU | 42 BRKCSF B A
18 S AV A B A D i A
1.2 HiEHAE
T AR K v R A 2R 4R 32 TG 25 R RO R A ix



132 LN I .

L:j

E5a PN % Eild 2026 4F 1 H

7 1R RE A5 R, 1 RCHE WA R A% i o R b oeT B 23
Lt R AR e (EL, S WA R T T 1 RE . O B2 0K
I SO, A TN 24 R BN S Al A AR SO RdE
77 WAL

1) SRR

e TR AR SRR A5 5 15 i v D R R A R B S
PRUZR 2 77 A ol 2R AR {0l 4SS 28 I 125 4l 412 OC B I i) B P
R A5 L R e I R AR A OC R o ) oAb BRER G
(B Y J7 1A ELAZ N B 12 0 A b 5 12 R M A A 1
S5 o ELEMN R B T RE s S BCA BUE B R K BN
KA B R AR 5 5 0k S SOMT R v LE A TN
ME , HICAS SCR T 2 1 470 {8 5 125 ok 2 A i 2K Y 3
AR
Tp—x
k=]
A R B JG AE E E s o R B RSRT LS B
B AR B IRAR 57 ka3 Bl DR iR O A R R G A
[HIINER S8 MVE |7 (ER DR VAC A e

2) S A

AR K v B v B S (ELIE R R B e R AR
F B A 1R 22 BRSO IR | RS, AT B A A A i
JE O TR AN ELAC SR A0 40 o 580, 5 BT 445 2 B9 I
SRR o S H A R A T AR JE] A e
A B, RN 5 AR AR B A BOR 2 R AR 3
i1 30 E HER PEAT S (E AR e TSN

. =30, x<<p— 30
T yn+ 30, x>pu+ 30
A, o R IAE 2 B 5 T s e W REAR B 50
HREA R e 22

3) Al —1k.

O AR A v BCHE B R AL (R E R B A AN [ ) AL
AVRCAELVE ], 2 5 BORE Y 7 1 2 I 30 % 86 48 A1k fr) AL
HP A, B BE R RE . A SCR AT min-max 5
— A7, R A% A A AR I S 3 A (] A4 Y R, S — %
P RUEE T

(1)

T =a;+ Lo(i—7)

(2)

X — X
1.”:7'““ (3)
Lmax — Lmin

A, 2, R VA —AC R B AR 5 i 2 23 31 D9 A4 I
e/ ME IR R AH

2  Multiformer-TSA ¢ {X Tl 75 3£

2.1 Transformer 1% &
S AR A HL Dy A AR BT S MTS S, i
Transformer £ Y H. & 51 K09 1 & I HLEI, B8 2ok

HUG AR K v Ty 3 A5 K i () 7 4 B die , e HL S T A
e H R ESEEE SR &
)1 Transformer Y 32 2 42 44 42 £5 Zi 5 #5% A fif
T2 P A4y, FAR AL S5 AL P 2 TR

Nx

7 G iy

SEEOER

7 i Nx
2 Transformer 4% & 25 #)
Figure 2 Transformer model structure

i & 2 0] %1, Transformer 4 5 %8 th 2 1 S
WA, B — 2 & — 2k B E D) (multi-
head self-attention, MHA ) #% B F1— 4™ Rij 5% # 28
4% (feedforward neural network, FNN) #5845 55
i SR F IE 5% A 4% 5% 08 B0UAE BRA [ 350 236 1) 4 B, AT
TE AR Je vl Dy SR ) 1y 410 09 4 B B B, 475 6 R
BREAE L RRiUY PO PP O K DA R =S

SR, Transformer 7 40 B 2 4k {5 2 B A7) JC 125 52
A Jmy R OGRS R kb A R X
MTS 4 2 Y S 2 F ) 46 G % il £ 8 0 A A2 1 ke
Féa L A SCE o 4 B RUEE A oG M 5 5 4 5 4RO M
4 2 Multiformer 15 A9 38 =5 75000 14 g .

22 RS YR EFIREESHIEAE
22,1 AEDER B B 4 1 Oy B2

SR K B B H B = TE 45 E D S A 9 1
BLF 15 B A B R R F S . A FNN 38 5 2
W £& (recurrent neural network, RNN) | % F1 i 25 [
#% (convolutional neural network, CNN) | Transformer
S5 7 1 AT A B B AR R B B B A R R AR AR
w1, G 3 F s .

H L 3 AT, BAT O 5 38 H RO AR K T S )
(8] 7 31 v [6] — B ] 25 K B B8 i A — = H
wh S A AT 1) S HP Y B I R) AR DG R AT T
Do 33X 2L T5 1k R G 3 T 5 (R AR L {H 220 T
B AR R 50K AR ZRME R CR,
T OB R & T S TR B AR . R A X —
B R, A SCHG T 85 4 B 43 B2 (cross-dimensional



FALEE LW

SRR, 4% LT Multiformer-TSA B 6K % v, Tl 26 F 0 7 v 133

segmentation layer, CSL) , DA 2 Y6 AR A& fa %5 6 b
A T) A4 S A T F) A0 G 2%, 1 9 1 9T 00 A5 A ) R
JEE 55 24 JRE AT A A 42 i B A AT 4 R

r N

A VN N s
//\/ \ ‘\(“/‘/‘nk/\\/ Vs NN
~

ot VY
/\X\\,,J' X
— - R[E4EE ) AT ] - R

3 RIS R R A

Figure 3 Capturing cross-time dependency

WA -

4 HIRIF Y AR
Figure 4 Capturing cross-dimensional dependency

fh P A BT A0 6 AR 2 s S S B e, IR o
o % AL 7 o I 6D P 900 B L 5 5 R B R
FE XU 4 R K T 4 S5 2 T 51 A A
ORI TS T o IR B R R AR
2 597 43 B A ) 60 25 10 25 24 45 €
B 55— 05 A 1) B L B B S B 2 ] A 42 T 4
BE S A0 e R % v, 30 S5 5 P o 5
E R £ L A S i AT B 4 A G B i
14k o 199 2 A A — e 1
bR 2 ) o A SRR H B AT 2 A e L I TR
B T 3 TS e A GF 0 B B2 0 A A
B 5 B T L T 1 — e
S 75 LR 0T IR VR R 2 5
WS A 0 0 R 25 R LI B0 T %% 11 46 14 1
i BV B T B S RO B 2o LT H8 9 T AL
% [ 90 30 26 T 0S8 A A 5 TR
i 1 L 1 O P L ELUA SR A B T

1) 6B 1 7 31 30 £ 5 B -

mJZXJ1<K§%J<d<D (4)

SO e LT 340 06 1R % ol D B
B 5 L H S RE I 11 25 5 D 4 0 £k % v BICHE 90 46 15 4%
B R A JE TR SRR S A B

2) i FH 2 4 1 B 0 0 4 A 4 B A — % Bt

R A E R THRAE
a., =My, .+ M (5)
K, a9 —A S BR8] 3 51 Fr B s MO R]
S B s ML e (1 ) IR
3) I8 3 AL i A A A

T
A= a[.dlléiéf,lédéD (6)

K, ANH a ) 4R A

F U, CSL ] K B 8] )5 371 15 A 1 A 8 G &R itk A
[ — A~ E 4 v, 3 5 1 A AR X O [R] e ] B AR T R
FEAE 9 2 107 BE
222 JGAREHE B ROEE D #0241

A R AR K Ty FR I ] 9 o R — 4
JEE BCHR ) B AR R RR A AR SOl T s RUBE K
JZ (cross-scale diffusion layer, CDL) , X} /A~ [a] i [ia] )]
B D) R AR AT BORFE U R R T
B I 1] A2 Ak ) B AR O O B A B B 2R bR 4 1Y o
TR A & F T B 2 AR Ak Y 2R A R T fig
CDL &5 # & 5 Jr 7w

BE5 CDL%Z#
Figure 5 CDL structure

i &5 A, CDL S T 86 B0 8 4 22 ) (long-
short distance attention, LSDA) L, fi $2 Y61k & 5
2 i 1R e 2 b i) 22 ROBE AR AE . Hov R e 1
71 e % 4 1k B BCHE b 0 Jmy B8 AR AL, B 1k AR AU A
BF ) 9% 20 R R R B B R AL T s A )R
AR A B T4l 52 R 00 M s Ak, v A D S
MIHERA P o 7E 2 RO B B b /N4 B A AL B
N ] SRR B R 7RSSR R SRR By T
DURG BE 5 KA FRAZ Al 2 1 4 0 78 Al A =, i A5 78 A
HIRR A Y s PR BB E i k. LSDA B
F 38 N R T A ] RUBE R AE Y L AR T AE
AR KA b 5 A ] Be b BEAU R 6% H ik 55 S
YR AE HEAT P00 o R 4 A4 X5 N A £ 4 R B 2L A A ()
() SR A T A (] B R A R, BB A AN ) RUJEE i



134 LN I .

L:j

E5a PN % Eild 2026 4F 1 H

iR INYa R TR (o W S R L & S S
AT — 58— B A [ B TR A 2 2 %
A A A ] I ) R B MO o SR AR AR A
P i 4 A6 BUZ K 58 B, 78 6 IR A B D R B v
L AN B0 SR e D7 5XCRT RE S IO R E I 1) R
JE Rk B SCE o A RAEF AR T A N B KRR
B B R AE WD T AR Y X B — RO R R ) AR
i it 2 RO Rl B REAE 2 Fh 52 2% 37 50 T RIS 5L
o TN BE AR S LA AR o3 1 T oo S A U
FIR i A B2, DA B i 80 A A [ ) RUBE 1Y
K ARPRAE A BUR T3 BAS

C..= AK*D? (7)
A, Con NEFUZ TR A A N Ll 25K .D

93 R SRR RS R A i 4R . FEOGIR &
Ty Z 10 3 S5 v, AR SCORE R P A il R AR A
X /N P A AT P 658 v 1) 4 B 3K R AN 6% 42 T b R
JGAR %2 i Dy BB () 83 3 AT DAAE DR 8 8 B 1Y
55 G0 980/ BE IR IS FE 38 A 0 S A SR AR TR
CSL 7£ B AW (] 25 & 48 & A W) 48 B 0 i A RF
il , #1453 CDL 7E #E 47 22 R SR A% B RE 92 4 12 1 [R) AR
X EAR T AR AL B 25 B R, AT kA T B — R
PR AE ARG B . CDL AR B A 22 IR Hik A1)
o CSLARfE T E R LT XF E il CSL A
OO T M A P £ AR R AE 2 ] AR O R, AT 4
FHERITE S A 50T & k. ik, CSLFI CDL
3 Ao 5K G A B I R B ) 2 dE AR A2 TR 2 R
JI I A 2, S Multiformer-TSA #5512 {1 7 5 4>
T A 5 AR R o
2.3 EF Multiformer-TSA M 2& B4 3¢ {X T il 45 7Y
oA SR CSL 5 CDL 3R WAy 5 4 1 i K
FEARHE B, AR SCHE T TSA, @A TR kI
S (] )7 B T AS [R) 4 R AR DL R A () s ] RUBE |
(56 3R
1) %5 B fa] B B o
Z B B H R AR AR & R Ty S0 X
B A2 B 0 508 13 80, R VR R T LD AR [
— 4 BN N [R] B R 25 22 18] AR G R, AT AT AR
AR K L Ty R A AN [] ) (] 1 i A8 A A =X, i B
T A A b 00 SRR Y T R e s H AR
Zine.t=IN(Z. .+ MHA(Z. (s Z..0s Z..0))
Zne=LN(Zune + MLP(Z,,..)) ©
P, 2, AR B LORSE R b T A
JIHLHI A5 F TG R kB D R 4E T

AN TR) B 8] 26 2Z (B AR OC 2R 5 Z, N3 d A 4R |
JIT A ) A5 0 B L AR 3RO AR e Ha Ty 2 B I ] AR
b 1 FEAE s MLP (+) £8 3% 2 2 B A1 Pl (multi-layer
perceptron, MLP)#:4E s MHA ()R Z L iE E il
il (multi-head attention, MHA) ; LN ()83 215 —
fk (layer normalization, LN) ; Z,,,. A7 B[] B B A6 i 1
2 JOREIR ELEETE S B O 25 5
2) BB
TE 5 28 B2 B B, A5 Y 3 ok 5 AN (W) 4 BE Y B
FIRLH i FE G IR K R G2 v 45 A 4E PR A Z 1] 1Y
MRS S Z , DT B - i, 391 A AN [] 0 35 24 855 R 2% %0l
RE TR B 256 52 ), B T A5E AU Ty 232 T ) A
P R 1
B.. =MHA i (Ri. s Zimeis» Zimerss )
Ziim.i. = MHA g2 (Zineis B, Bi,)
Zg =LN(Zgpe + Zi) )
Zgw=LN(Zy+ MLP(Zy,,))
T Z,, o G A I R 0 A R G
it s B, YRR b 2 O — 2 B Ak FE T T P
JE R, O AERE (AR I 5 Ze DR TE 2 5 I
(6] B B Ak B 4 R 0 RN 5 Zg N HEJE P B &GS
o B 4 R TR R AL A s 5 2, il o MLP
BE— 2P Ah RS 69 B 4E B A5 R s MHA 0 83— R B
Yk 2RI IHUE . g5 B IR R AR A
BLH , 455 70 B 0[] ] 41l 2 D6 AR & v, ) 2 0 ) e 41 v
R B A4 8 O 2R TR 2% B 35 AP A1 =2 [R] B9 A B S e, DA
1M 2 TH 56 R & v 2y S8 00 Y HE AAR 1 RE . B ) B
BN 5 4 FE B B o R G B SR TE T AR
FIKHETT o I A A Rl R AE 8 2 MLP A= i 9
I8 5, 33 b g 106 Ty 2B 6% - 7 I ) 70 48 A5 R Y
ACEE R B AE A ] 0 R B R LA BTz 4k
BEJ1 o PEIL, A SCHEH Multiformer-TSA 773, H ™
LSRN 6 T o
& 6 7T A, Multiformer-TSA Jy % 15 46 1€ CDL
R 2 A AN 6] RBE 9 45 BRAZ X G AR Dy s Dy R 4K
i HEAT SR AE A B R AR AL 3 o FAS [ B ) RUBE /Y
5 B, R I RUEEFRAE , $2 T X 56 R Ty 22 3k 20 1) 4
HERE ST o 7E CSL o KGR T 58 2 4 ik ] )y 5] 4 4k
FEX I, 78 22 A Wk 6] Be gk A7 SR A, I 8 B A sk ] Bt
XA CRRAE [0] 5, P8 B4 R (R FD 20 3 B, bt o o 4
T AR RN o SR R TSA FLSDA i 4
BF ] 5 910 e iy e R R 0 AR O OC R o FE T 2k
Ty W0 v, TSA 4y 55 BsF [] 03855 A 25 79 A~ B Bt



HAL R 1 BERE N, 4 LT Multiformer-TSA #5640k & v, I SR F i )y 135

( 0 N\ HCE )
'
( ¥ e A B )
!
( ¥ R U )
i
[ ZITEE. ] ]
[ TR B . R
[ AT A ) ‘%fﬁﬁm .o
; FE T ) L7 | R
3 B BLH
¢
{30 25
iy i R | pik2E&
s JE8 B |
3 +
i TTRN RTEDNNRE. T2 Hil
U @}Tﬁ\ﬂﬁ i vc] )
o1 B B
l
C e )

B 6 Multiformer-TSA M % 45 #
Figure 6 Structure of Multiformer-TSA network

53 S T8RO R % ot 0 56 0 I [ 954 0 A
3 I

S ) SR 5 75 J 2 1B AT 5 % DA T 9 30 80 6 T RO

WA A7 LSDA M itk T 22 3 WL ol e B s a4, 4% AR ORI B A e i 2R 0 2 FE AR v

S 42 A8 6 20 R BE 5 Y 20 2 ) e 3 O8RS DKASCoproject-78-Site DRA-MIL 5 Phase

AR 0 00 3 O R g g g T BRI 2022 R 6 3 T 9 7 RG99 d
B, R A et g gy TONCECR B R BRI 5 min, I 1R
R RS A FE 0013 R RS R Ry gy o 0 R SR RIS SR S ORI
o L BRTIR AR SCHE T Multiformer-TSA 1Y *ﬂ‘/}%ﬂﬂtﬂ(qziﬁiﬁﬁﬁ\ 6‘,/'\2&&?%#“%1% 202242 6J]
IO 1 H—8 A 31 HEHCHURA 1%, 2022459 F 1 H—
SR O 7 H BRI A

G 31 RREE

,,,,,, LA gitutimrm | ARSI FIAE Python 3.8 5L T AT BURR

[ ZHERAERE | JU Pytorch #fE 48 52 B, 1T £y 1 55 HLBE £F B B

\ At | oost 13th Gen Intel (R) Core (TM) i5-13400F CPU,

rrrrrr [ _#EA ] NVIDIA GeForce RTX 4060 GPU, 32 GB RAM,
"WW;&%%g&TW§ BE A 5 Windows 11,

| coL SO T S HOR BT < AR E

\Lsnm%ﬁzwwﬂ i AP 6,5 AR N 12, 5 K 12,

KA 12, 455 o 10, BERL 4 B oy 512, |if

[ il etk B IR S R Tt X 4% A R 1024, 1R TSk BOCh 8, R S 2 Bk

7ok 3, Dropout #E %2 0.1, #8497 R YIl kR 4 J5 i

E7 & F Multiformer-TSA # F K % ¥, 2 5 EBUR A YRR 180, 4L 4L AFR Adam,

M sk 4 A o] RPE N 0.000 1, Y ZRI LR K/ N 512,

Figure 7 Process of photovoltaic power forecasting method oA % 3iE Multiformer-TSA J7 2 (4 P8 81, A 303
based on Multiformer-TSA 7TFELA J7 3 (CNN L FNN . LSTM , Informer , TCN-



136 LN I .

L:j

E5a PN % Eild 2026 4F 1 H

Transformer, TransPVP.CT-NET) 5% 77 & # 17
X EE X H AR R S A BN R 1N .

R1 AR AKKE
Table 1 Hyperparameter settings of comparison models
A S SR E
HBREA % 2
ESL NPT NN 3
CAN T PR RelLU
RNN 2%t 2
FNN B2 2= 5 128
Fe )= J= L 128
LSTM LSTM 2% 2
Batch _size 512
R 12
(AR N 4
Informer S T 10
Dropout 4 % 0.1
T [64,128],[128,256],
[256,512]
EoL 2t UNUN 2
TCN-Transformer Dropout fif % 0.2
R )= J= L [64,256]
E=WIP ¢ [1,8]
HIT 15 190 24 2 )52 512
e 22 )2 B 128
TRk % 4
TransPVP G i 5 2 A 2
T 190 285 2 S 512
Dropout 4 % 0.1
) 73 A~ B 3
TER 1Rk % 3
CT-NET AP NAN 4
T 190 4 2k JEE 32

SRR [832,128,64]

3.2 RENTEIEHR
AR SCVEAR I A7 R JRY ) T 00 245 2R BT >R T 64 B Al
AR IT

1 n B
E€RMSE — ;E(yf*yf)z (10)
=1
13y -
EMJ\E:;E‘_}M*‘% (11)
=1

L, epuse NI TJ5 R R 22 (root mean square error,
RMSE) ; evae A F ¥ 48 X % 25 (mean absolute
error, MAE) ;n 2k U FE AR S50 5 9, .y, 20 51 O AR
R F ) A I 2 ¢ 8 T RN S PR AE

33 AEEBXTEL ST

A B8 IE Multiformer-TSA Jy 32 )40 8, A SC
5 A Ty 376 LI B, AN [ A A ) 4
RAGCAR K o Dy 3 B 45 R A &1 8 s

17.5¢
15.0F
12.5¢
10.0
751
5.0
250 |
O & o bt

o SRR panshnetin®
H ]

bR/ TR

—Actual=-FNN -o-Informer ~~TransPVP

-o=CNN -+ LSTM -*~TCN-Transformer-° "CT-NET Multiformer

B8 REAEA M RAERRE I FLER
Figure 8 All-weather photovoltaic power forecasting

results of different models
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Table 2 RMSE and MAE with different forecasting lengths
- AR B JEE R ) RMSE RIF 00K BE R i MAE
12 24 72 96 144 288 12 24 72 96 144 288
CNN 0.1234 0.1576 0.2097 0.2345 0.2654 0.3098 0.0987 0.1234 0.1653 0.1892 0.2156 0.254 3
FNN 0.1298 0.1654 0.2231 0.2507 0.2842 0.3315 0.1034 0.1309 0.176 8 0.2013 0.2298 0.2704
LSTM 0.1146 0.1503 0.1987 0.2235 0.2564 0.3017 0.0917 0.1184 0.1567 0.1807 0.2076 0.2478
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Figure 9 Comparison of ablation experiment results
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