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ABSTRACT: [Objectives] Load prediction is crucial for

power system planning and operation. However, the high
proportion of new energy increases source-load uncertainty,
leading to greater volatility in the load of new-type power
systems, which makes it more difficult to accurately predict
multi-user load. To improve the accuracy of short-term load
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forecasting in new power systems, a multi-user short-term
load prediction method based on frequency-domain enhanced
Transformer is proposed. [Methods] The encoder in the
Transformer is used to capture the feature information of
multi-load sequences. The frequency-domain information is
obtained by the discrete cosine transform (DCT), and the
channel attention mechanism is used for data enhancement.
The decoder in the Transformer is used to integrate the feature
information which is then fed into the fully connected layer to
obtain the prediction data. To verify the superiority of the
proposed method, the Electricity dataset is used for case
analysis, and a comparative analysis is conducted between the
proposed method and five commonly used load forecasting
[Results] traditional

Transformer load prediction model, the error of the proposed

methods. Compared with the
method is reduced by 21.8%. [Conclusions] The proposed

method demonstrates excellent accuracy and stability,

showing feasibility for practical applications.

KEY WORDS: power load forecasting; new energy; source-
load uncertainty; deep learning; Transformer model; discrete
cosine channel

transform; attention mechanism; data

enhancement

0 55

FE R Hbs T, MR b LLZ iR
e FRTI 7R F 70 2R G B R OR RER A I S

[], L AR 0T F g i T R ) R SRR
IBAT IV EIAEN, SR R GRS AT )



Ha1E F2 M

K B OB R 337

BLRFARIE . H AT B Sa R AR T
Wrae R K B Ok B 15.3%,  JEGH e R o5
LU ()38 22 25 () e b A8 F P 6 FE fRLAT 9, A 67 g
(AT 8 MG R0, 3 B5OHE DA SRS VR 100 J 1 47
PGS SR . g, BORBR 2 (1 7 & B 0 J 5 £
PP EATRETT, H AT A St ik ARGl
A S TR RNR L 2 2 IR N

Br Gk TR ASE R/R IR Zndt
H. BRI 8155 X777 A R
i THRE ARG, TR E SN AL (HIRAE
b PR AR A R A B, AN I SR A L
RGET I AT TR

TEGENL & 5 2 T 4G N AP P2z 3¢
FRIA AL BEALARARE 8 X L7775 W] DAL
T i AL P AR 2R H A . SOk [24] B SR U A
TN RS IR 5E 4 4R LA B0 1A 4 i (complete
ensemble empirical mode
adaptive noise, CEEMDAN) 3k 15 5 £ 1 fif ¢ 1iF
SR G K H IR 1S & W 4% (deep belief networks,
DBN)Xf H 7 A7 g 147 00, {H 2% 07 5 A A
CEEMDAN 2 BUff RHAERS , BARGEDE SR £
() AT R AE R T SRR R B L ) RGOk U
TSR AE LA 56 A4l $R A7 AE 1) — LS8 £E B3 B AN 3R
LG R STHR[25]K FH /N A 23 i of P 15 47
Taf i} o B30 4y fife A i oy AV 3, SRS R
SERZ GRS, R D Z SRR
EHLR N A0 B, AR KA ) A
AN, f I S s A R E A S A AR 4y
&, SR PE ARG R, A
AAELMEAS TG RIS tEge, AR
SR AZAEE JT, AT VAR S HOE BN BURK,
IEFEAS ] RE LI PRI SR, ELAL E O AR H
BRI, TR m s SCHR[26]K I BE VL AR AR5
VRO RFAE AT 9712 , Pkade Hh 55 AR S IR R B PR R
TEAE MR RN, 2 J5 R R ) K e 12
%% (long short-term memory network, LSTM) X} i
I8 S5 B A A B R AT U, H LSTM W 2% 3k LAk
PRI (8] 7 A Bl 2 e N o N T AR DL E AR SR
A 5 2 T R AE SR TN R TR AR AE ) ) R, S
AT B 1) 2 0 2 20 B A7 A F00 7 90T 9 o

decomposition with

WAk, IRFES IR @ HER5E35, Transformer
ST I 285 A5 R0 Ay A7 ey TN B A TSR R T VR
FH T~ HE S 45 K R 2 I I A7 4, Transformer
A DL B b A7 442 B TR) 5 270 R ] 7 510 22 ] B A6 e
KA FHECTPEA P 25522, Transformer 7£
Aib RIS e 0] 7 THT AR I B BRI RE Sy . MR, H
R K 22 H A gy 00N B 7 AT AT 0k B — F P gk
AT, BT [A)—Hb X 67 ey [A) AR AR ARAE AT A DA
SR A Ar (8] () FFAE ¢ &R o 1] Transformer Fi 1
Ao K 7 AR J14h, b B A& IEAT TR
RE 73, I A 15 I A A 3 K RIS B A B I B sy
o RIS, vERSALHAE SR R0 B 204 P2 2L
o A A AT TR R RFAIE R i — 2 B v N B A R
FIRTEEME . i, SCHR[34]5R 1] 42 08 34 50
B N AT R, Rk AT B BOROHE R DG B R
1k, GINRZEEREFESGT SRt EMEAY
A BT G2 AR PS5 T SR RIS 52 R 55 ), 3 e B 4
HUPRFFRFIEAS B &% . SCHR[3S51R FH IR 2 B 71
W £ A NN JER 22 e NP S T b, 3H
#M T Transformer %A 75> F A S BT H,
FIH Transformer ) B 3 =ML 616 3R 77 271 40 (1)
IR TR ARG, 5 ) P It o 2 TR 264 A b ot 471 ey
fH. RN, 1A Transformer 155 ik = i #i2 7 S %L
P AUIEE BRE /), X2 REEELL SR R4S
REHSENARKIRE

R T A L R G0 A A SO PR R
ASCHRH T PPk T 5383 5 Transformer 1) 22 H
FORE R R fer T O vk . A A ER AR 5% AR e
(discrete cosine transform, DCT) 4 B 41 fiuf [ A5
WURFAE, I 3 v & J7 P (channel attention
mechanism, CAM) XJ £ #f 17 8 58 , DL 9§ #b
Transformer 7E AU AE B @A 7 T AN 2 5 K3 9
J& B ARUECRE E 5 TR A6 I 38 A far R s L R N
Transformer g5 2%, 8 B H vE & 1AL 387 51
(RS TR G 225 38 I A e 42 2 A HH Tt &85

1 HEEEE R

1.1 SENet@EER/IHLH
CAM J& —Fft FH T 384 5 8 0 R IE 4l 2 6 77 103
BN I 5N CAM {45 9 2% R % 55 A7 2L



338 FALNEE: FET ISR Transformer [ 52 F P58 4 5 PRI 5 =

Vol.47 No.2

Hb 22 S B BOCEE %85 B . SENet(squeeze-
and-excitation networks, SENet) & CAM f] — i,
F % H Squeeze #:4F F(+)« Excitation 4 F, () LA
J Scale B AF F ()3 N EE R, H A K 1

iR
I

: —»F“(-) :
F ()
L / 2 M, EJ‘X
LxM

El1 SENet FB4:HE

Fig. 1 SENet principle structure
SENet 38 8 v & 71 AL ] 5 B A T 55 00 AR 4
T ARBIAFEE R ER R, Ed 4R
P AL AR K B A 30 T PR AIE 1) 5 ) 4 R AT I
A, R RENE R S E AT AL, AT
BRI IE (S BB N B — G TH R fF . i
T FE RN Squeeze BRAE, R TE YRR AE K]
A R AL — MRS, IAMIRE [l
EREERER, RN A5 S0 0 2% )= h it
THORERRAN . BMAKEANL. TEEAM

FIRFIERIFE R, Squeeze FRAE I IE N

f= )= 1 D) 1)

e u ) R A B AR AN IR 2 WA T
48 FREAE -

2238 Squeeze #AE J5, SR AR LxM BIFF
TEFERE, BT IXM IR [ i, X P 46 12 34
Wb T BRI . S EH R, AT 2
MNEER)E, MR TR, AW T i
GARHEEFRICEATZ MR L X R . Xk
A EREE I B RITE T HERRAE () (0 5 A A0 BLEH
Bl Excitation #:4f, HEEA N

s.=Fo (2. W)=0a[W,0W,2)] (2)

A WA Squeeze #HFE E40 Ja FIFRHIE R & o

N Sigmod PR ¥; 0 NReLU i%k: W,. W, K &E
KB, s N Excitation #1F 5 145 B .

WG, a2 BHEE, FESEMSES

N
—
noooo

I, X TR E AR IR AR AL ) & 5 R AR IR AR
BiEAH R, DU i B4 AN 8 38 D RRE, B Scale £
1k, HREAX N
X =Fe (U, 5. )= 5., 3)

A x, W&t SENet 1@ 18 VE = WL 15 2 1R
AIEFE R
1.2 BHRTZAR#R

A R R OB R AR &, ASCRA T
— PR TR HUR A TV, RENS B A A g
AT AR e . A LT 48 i1 B B B i R
(discrete Fourier transform, DFT), DCT 2 1] D)
SRR ARG T, Wb TR, &
SCRH—4EM DCT &4, W {f(i)]i=0,1,--N—
1B EIE S5, HREXA:

Fr@=cw) > fOeos/ T3 @)
L, u=0
ow=1{V2 )
Lu#0

e cw) N—N 5%, DA OR DCT 28 4 56 B A%
NIEZZHIREs NS (1) 155 5L
1.3 ZRIEE LS

ESSLEN-WAL/IN i Prrc PRy =Wk IN I 0E -2 i
RIRERM, & HER VLIS TSN
HEANE R, RAE—MEEISL, ¥A
NG BMREL—AME F. 12 kiE R AL
FINT ZNERTIR, B KA S b T Ak 3
iy N BUHE I i N B e 5 R [ 1) o 2 1]
T S I 478 B2 A N 8030 A () 07 T PR R

FE = BLH] v A B 4 1 AR R R e
Wi Wit EARBIE W R R Q. B IR R KA ) &
v, @i E QL KK ERIEGER VN,
AR

0=é-w (©)
K=é-W' (7)
V=b-W" (8)

Arbe MER I8, TR AR AR SR
B A, 3R AL E S N8 AR
R HL

EENH R AXN



g% F2H R OB OHE R 339
K
H=sofmax(S2 W O 2 ZPER R B
Kb Vd AT, B SRR L, N o1 iR L

M E g i .
1t Transformer #2781 fr, 22 Sy 2 Sy ML 19 11

B BRI, &2 Ak B E
T wIHT U, JFEIFLLT S H O
H=WI[H . H, . H,] (10)

[
l

I
N
BEEE
3
LT

zZ IDCT,_fl
ik
: @ — =
e
1 Anl

N T R A TN PR RE , ASOR A T AUk
PG ORI IEVE R U5, B AT DUANRF AR R A S
BEZREFEE, SIANDCTIRE T 5 2 W45y

B, WRBEZAMBLES . HamaE2
7R o
Zh
5
Zh
(—)ﬁ

B2 SR EE RS E

Fig. 2 Structure of frequency-domain enhanced channel attention mechanism
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Transformer-based multi-load time series with frequency-

domain enhancement
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Tab.1 Performance comparison of different prediction

models

e MSE/MW? MAE/MW
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ARIMA 0.363 0.395 0.399 0.407
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AT 0.105 0.117 0.203 0.223
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