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Abstract

The penetration rate of renewable energy, mainly composed of clean energy such as wind and
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photovoltaic, in the power system is constantly increasing. The renewable energy output in the
power system exhibits highly intermittent, stochastic, and fluctuating characteristics, which will
have a significant impact on the stable operation of the power system. At the same time, the output
of renewable energy under high penetration rates will also pose higher requirements for the opti-
mization and control of power system scheduling. How to accurately characterize the output char-
acteristics of renewable energy has become a hot topicin current research. This article will combine
Wasserstein Conditional Generative Adversarial Network (WCGAN) with self-attention mechanisms
data augmentation technology, utilizing the powerful generation ability of WCGAN and the excellent
performance of self-attention mechanisms data augmentation in small data training to learn the
unknown distribution of renewable energy historical data and generate new samples that conform
to the distribution rules of observed data, accurately characterize the uncertainty of renewable en-
ergy output. After comparative experiments, the method proposed in this article has better gener-
ation quality on small sample data.
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A, THRESERE, HOPRBHE K. 2022 48, REWHAREREEN 1.52 2T, 54
LB 1 FRLAE ALY 76.2%, TR IR E HL i B A4, o R R B 8741 5T IL[1], R4
BRI R D NIRZETE . T P AR AR R B T B A I RIS AR E M, 45 ) KRG RIS AT 7R
TEENAFE. Fih, ZAETHARESSERE R N ESHEE S HAREARY, P REHEN
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WA A [ 212 MR HEAR BT REIR S DA e M R BT B, AT DR BT AR T AN E PR A G
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XTI 2% (generative adversarial networks, GAN) [18]. 2843 H 4ifi # (variational auto-encoder, VAE) [19]5F
H 1 S AR AL A5 45 Wasserstein GAN (C-WGAN). SolarGAN. A% GAN (Ctrl-GAN). StyleGAN2 %%
Lt

JAE IR SR FE A S A AE T e s s AR O TS T — I SR, B E AT S A 7R
Z i S T AR R B, RN GRREAR B A SO T A B R R E A S AL . B,
FTARYE A 5 SRR AT S5O, S I QR 5 g i g, eI A2 R A /NEAR R AR IR 0 N AERA it ik B
REVR H JJ AN E 1, SR ST REUR 1 113 SR U B &, e ARSI R RN A

NI, ASCHRE N ET WCGAN 5 3 i = L [20] 554k 1 5t e R ALk A BOBAR th 1 5% .
ARSCHE AR FRE 1) P S DD BRI DR 3 i RR A AT I DA BRI 7 45 5 N A BORRL 5 ) 1)
B, 22 SR Ml S5 B AN B AR A R SR BRC 2R s FER R A AR LI, bl Tl 2 1AL A7 R S Bt ) I
J7 ORI, DRI SR FH A AR A 20 DX 28 ' D/ A 2R 6] P 8 X 4% 8 2 >0 il ok ) R 3008 2 TR R G &R, $R i ot
AR HERA T s DA T R i I 5% 2 A T R R X 4 o B AN AR L N AT I S A I ROR . fERR A
WL R GIN T BRI B G o g . D LA IR AR, 2B e SCIAE 5 W S TR AR IR 3 R
AT R JFERE B A R RSO T AL 5558 GAN BERYIAT 5 5 1) 3 5 A2 Ui

2. WCGAN &&!

PG5 1 A2 FOGS 0 I 28 A7 AL I 283 AN, A Pl AR A DA RS S 103 A8 1), 3K 4% e S A2 ot 2 A
BRI RAAAEE R TI, FULHE R 7152 GAN MR F JiX 2L Al . CGAN [16]32H
FEALGER) GAN A Fas AL 8 th AL R R AR E B y 0B REAT 20, T A LUK A Bt ) 2 1l B
P REREATHE T, SRR AL O TR 45 B 1 PR il

minmaxV (G,D)=E,,, [Ioga D(x| Y)] +Ezn ['09a (1_ D(G<Z| y)))} @)

Horr, E()ABCHE, D()NHARIRMEL . G() AL, PH(x)F PG (x) 73 A 5y
AR AT
A H] Wasserstein BE 5 [17]1E a0 s, 258 1A KL BUZ R IS BREESS 55 AR 2T 2R 3
G0 ZPRERE WS TE A RO 23 A0 5 0 SR MR 43 A7 22 S AR KN, S BB 3 22 () 1A% 22 BE 5 . Wasserstein [
BT AR
W (P, Ps)=_inf E., [Ix—y[] @

(P4 .Rs)

(P, Py ) 2 1 S0 A By AL Py 45 SR T W BERIBR & AT AR A o X T8 — AT RERY
BEAT Ay BTLICRAE (x y) ~ 7 1RSI A REA x iy, 63 SR REARROBERE [y A 510
y FREAHERBS ML B, -, [ |x— y||] BEBEHRE M~ Sk /2 Wasserstein FEE . WCGAN () H b ik
AN FEASE FH o8 50 B AR Dy 2B s i AT B 45 2%, 1T A2 R Wasserstein PR B/ 4 2k TH I s 3L, el H
B R B AE A -

w (R, PG)={EH,H [D(x]y)]-E, [D(x|y)]}v(e, D)= minmaxW (P, ,P; ) ®)

& 1 WCGAN R 424
3. BFEEEI(Self-Attention Mechanism, SA)#iE 1858

“HER J)(attention)” SR T AISMGE . ATEICVE BUR I I8 5 2R p 0GR — X, REAMALSEHE =
A 513053 BB BRI & AN 3 3= 7L (attention mechanism) AR & 45 it 7 4E IR BIK
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Figure 1. Circuit structure diagram
[ 1. WCGAN 128!

ARER R PEFNE (8] 7 51 T S5 40315 2 B [21] o A% Co JEARR AR 7 51 Hp AN [R) 7 B 40080 1) OB E . Bhas
HorH BN B A, AR5 AR HE I A A F AL E S BT QL R, U A E AL E 2
AR BC R . FESH GAN HBEBL7E AR v FAE BRYR H BRI, AR i s i M R i s A i 2
HILRAE . K B VER PR GAN B AE A 25Hh, #5 B GAN (A Bl #5047 2% > P4 b () sk 1) A
Ko FVER AT AR Bt T DA2E 5] BB A ARR MR, $em BRIz ALRE )T, XM GAN Y
TE/NSE I B 45 b A B2 2 B8 B R I T RFIE
SN L E T HAR M AR, KX INEE BB SR /ME . B BN T B AN [ A7 B R
ECR e BT FIBCEAA T, Gl i v ) B () AR BLRE AR AEAR OGP, s e A R T OB AE E
DL i HL ok 45 B e [22] [23]. BEIERE SRR R R
1)ﬁﬁﬁ$$ﬂ%H:mmﬁumfnea,ﬁ#t%?ﬂﬁﬁ,Tﬁﬁﬁoﬁﬁ%i¢¥$ﬂ%A
FEAE B ZEXT h 4T 50, AR
S, =¥(WT-h+b) 4)
KW, b AR ERERE R E. YS 2R, ATk sigmoid eREEk 2k M R 4.
2) ERMFPTA FHIRHERIR G S ={S,,S,,++. S}, S, e R » K softmax e A 5e A — L ab B, ik
/(I
_ _exp(s;)
o _SOftmaX(Si)_—ziexp(Si) (5)
et g, A 0 7E 1R LIS S5 5 B (7 2 7L
3) &bk E NG IE, BB O M RIAL W T:
O=H®A={a-h,a,-h,a-h} (6)
K A= oy, a0y} s @ TR L B AT M35
AICHEH T SA-WCGAN WX 25 45 14 £ filt Nk 22 45 04 () A2 s AL A A AL Rk, 2B s 5 4898 3 5T
B IR S A s s i
4. HREMIERER

AR A1) 25 G5 4 e RN PR G R O A s AR 2 B A S ) e 4L, ZE RER AN )28 415 N B i
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Table 1. Model architecture proposed in this article

T+ 1 AR HERLR

JEIREE F 50 25 A A
Input layer 24 x 24 32 %100
Layer 1 L, 128 MLP, 2048
Layer 2 L, 64 MLP, 1024
Layer 3 EBRE, 32 FRZE
Layer 4 e WAL BER e WAL 8o
Layer 5 MLP, 1024 MLP, 128
Layer 6 MLP, 128 RERZE, 128
Layer 6 / RERE, 64

AR SCHE R ABEZRY BEAL) o A OB PR AR TR ZEARE (residual block) [24]. VR IR B K 2 M
L (deconv) M T . AT NI 7S B SR 200 A e 4 J2 0 LU B 2048 4B ) S 4ERHIE ], AT
PRZEGE . AEFR S, AR SE T RO A H R, A B A AR R U NRHE, BRIE R R R
IR, AR 3R . TRZESS G IR)ZE . fibFsHEIL (batch normalization, BN) A1 RelLU 3 ek £ 2H
o

g(x) A A l‘ h(x)
1 3 ?}f(x)
1x1 conv 1x1 conv Ixlconv

SeARrRUEH
EBSHHEBRST

Y Skttt
BHETE HRET

Figure 2. The workflow of the attention module for photovol-
taic power plant output characteristics

B 2. SR IHEEE NRRTIERE

ARIREGHGEIL “ EXRAE + BB AERAEEERUR SR R PR L5 _ERAF B IK Z KRG
LRl e, R FEEMCR, I BT UK

RIS H0w DL R ABEEOE O AR 22 25 MR BETH s 1 A s X6 O H AN 52 P ARFALE
M= ae T, B2 E—BrBeERITE R . NS GAN A iz st th LR A BN E ST, T2
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FINVER JIHUH] DLER o R S5 MR R A GV . VA S L m AR FH Y6 AR H 70 45 B ] R R AIE (S R
A AR A A TAE IR, AR AE TR T DURSE S A GAR th 77 K BARAR 2545 B 1 3 R VR B O A B

% BER AN EA, NG ZaTR A ER L, B2 LS S 45 AR N
RFERIN,  XORE AT DA 8 0 412 A RS A A P AN [ 7 B 2 R R PR B AR o &R, ARG PRl )R B
JE SRR R SR FEE H W AE I IR A5, W AR MR R RIS SR A A, DARIIA: R A RS . R ek
R E B RS AR A s B B A 2 fos.

TEAZER AL, =B IRCE /3 o2 s Q) BE(K) E(V)FINLHIRILM, FIFH 1 x 1%
FEOHEI A GAR H ) S 6 B0 AT S At WU 2 5 SR AR e R I s T A B 315 3 3 AN RoRmE: &l &
Q, HEME K ARAENE V. ¥ m AR BRI BUTE AR il st i etk H Wi S5 e XS G 5, AL
T 5 T RS AR [ AR AR g R B HERS M 12 x 12 (Attention mask, RS 12 x 12)kF
BN AR L H VAR R T R IR

TR HL Sk WA A AT 50 A Tt D7 it e 0 Hp E0S8  (— R R A B 2R K B R 5 B R ), D, AT
TREGTE R RS M AMNETCRE N 0. 5 M 5 Q A KT FIANBEAT INRL, 5 &AM B 5 HAb AL B 1 5Bk
TR, Flid softmax bR ZCREETS 2R H J1RFIEE & JIAUE Attention Weights 4

Attention Weights = softmax(QKT +M ) )

Arf, Q ®REME, KT RRRMENHE, MIRERIH.
5. Bl #r
51. WS

SEIGFREE . Seib 48 H AL CPU A4 Intel(R)i7-7700H, RAM 4 16 GB. Pycharm 1 Jy4w ek 14,

FH A5 ] python ] TensorFlow. keras £l numpy %5 package % s S H iR ZR 33k AT 2 R A
SEIOBARE: S A OGOk Rk RSk H NREL B, JE{# F MATLAB X H AT filAb .
YESH: AT WCGAN B £ ZI S Hn % 2,

Table 2. Main training parameters of WCGAN proposed in this article
2. AXRH WCGAN EEiN&EH

WHZH H
—ARNZ%(Epoch) 60~120
23] % (learning rate) 0.0001~0.0002
4 26 L (activation) Relu, LeakyRelu
A s 2R I ZREE (n) 1:3~1:4
BEHLEE S (2) (32, 100)
A 375 (X) (24,24,1)
EEENTE Wasserstein
it K/ (batch size) 32

5.2. SEEHZIT R HT
NSRRI ZRI5 0, FRATIEEL 20 A6 R G 6 G0 H BB E MR A N, B EHE L R R R
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SRR, RIS R B Ih RO AR B 43 0~4 SREE O BAET EARSS, SERCTIALHE S 1
it 21,960 MEA . FRIGHT 80%(K) 17568 MEAVENIZREE, J5 20%I1) 4392 MEAVE NRHIESE, IZk
SA-WCGAN. %] ZiEHN 0.00015, A a8 gkt 3, batch size 2y 32, 4ifE] 3 ik R
o2k, R A, BEAEIRACR] 30 e A I B IR e, RUIARSCIEE T SA-WCGAN FE AR 285 Il 25
J ReAR B SR AR F S ¥ HH R, RT LA R B SR A AR AL BT

— IR
BRAIESR A

0 10 20 30 10 50 60
ARIREL
Figure 3. The variation curve of the loss function
Bl 3. HRERH T

Nt — VG AE A SR, ARSI A 20 ASGAR FLEG 2 4R, 4 4L 6 IR 1E v SA-WCGAN
PL R A% 48 WCGAN B AR A AT ISR o X TSI 58 SR AR WD AR H 0 e, AR SCRI S 5 iR
% % (root mean squared error, RMSE) 11~ 4 %} 1% 2 (mean absolute error, MAE)IX B~ 4r, S5E4:
WCGAN i3z 5t xt b, PRG54 BRECR . RMSE AT MAE [3IA I -

1 N

Ryse = Wzl(xr:_xn)z (8)
1y,
MAE :WZ_HXn _Xn| (9)

RMSE 1 MAE 43 7 F #7824 iz 5t B Sz 5t 8dE 2 [ RTiR 2 K/, RMSE A1 MAE FEUE iR
AN, YA AE R S R R R R N O AR R B B X x A AR O I AN
R 7 ) SR 05

Table 3. Evaluation indicators of different models
= 3. FEMEBIFMN BT

) . RAELN
FEARR N A

MAE RMSE
SA-WCGAN 274.11 299.12

20 etk 6 4
1£4 WCGAN 421.36 447.64
i SA-WCGAN 296.36 330.70

20 Mtk 4 4
%4 WCGAN 431.69 472.05
SA-WCGAN 336.98 379.22

20 Mk 2 4
%4 WCGAN 451.56 503.18

Wk 3 fon: BEA VISR KRB, 450757 WGAN B8 FT A it J18diE 1) MAE. RMSE R 742
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K, HED T EENRIEOL, VB S8 E S A BORS FEAS i B AR BICR AR s AR SC 4 T Wasserstein
PHE) CGAN HEAY, FTAE s ) MAE. RMSE FRAREL/IN, B A SO v AR R Bicdis o8 23 T 98
W, Sy i e B

IR G BATT AR S Z AR B A ERE ARSI A RGO R IR s . FRATERL 1 AN etR fa sl 2 4 1 H )%k
3L 366 MEEAVENIR G EIRFN . 1T 80%M1) 293 MEAIENIILGE, J&5 20%[1 73 MEANE N IIEEE .
FEIX—, ARICHEHE) SA-WCGAN FE8 % 2] 2 B 0.0001, A2 pias /A0 28 )12kt 3, batch size
N 32, #HR UL B SO AR H AR AL 34T I 5

V4 26 I () B ] N i N B A SR HE ) SA-WCGAN 7Y DL Rz 8 # ) WCGAN BRI BEAT I 2o 2]
RIEICH 0.0001, AR as IR 22t A 3, batch size A 32. %R LL_ESHOM A SR H B 3E4T I
%o

R R Bt R ] 40 FATRTLURIN, TEA B LA B A R B LR, #£51 WCGAN 1)
G MRERVRLIE S RN T SA JG, ik SAHUHI, A SRR T 1 4 Y6k i I E fI 32 3
S, AR AREES I A, TA R BRI SRR

VIGRERAR R
— RUESRHIR

0t . : : ; : :
0 10 20 30 40 50 60
(a) WCGANIEAL IR ¥
6 -
4 N =
K — VIR
X — IRIEERR
2 -
0 C_1 1 1 1 1 1 .
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(b) SA-WCGANIEAR Wk

Figure 4. The variation curve of the loss function

Bl 4. KR LR

6. it

ARSCHEH — PP H R IHLHI) WCGAN YeR3% 5 A BT 5 « AR SCE IS 7E 44 9 WCGAN f5 8 i
NEER AU, R SEAR e mi s B AV d i e A% 5 B R I Ined, $2% 7 WCGAN #
RLF SRR G AR B S BRI A5 B BRI, AE— E AR FE LD 1R B UI R Bdl F ft, GA 3 1 £k
a3 9 A OR

LSRRGS RRY], SURIR I SA-WCGAN BERUA Rt i 1A BN B M 28 A2/ IMEAS B 4 B IR
HOR, AR A IRAEE A I A OREEAT I S AR i, B B A i . R T WCGAN
MIVIZRAOCR, XA B B DEAR 03k 2] 7 R AR

E&mE
SN R BB FE e A B 24 W] BB 2 e 00 H (51 K5 %£[2022] 02 5).
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