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Short-Term Output Scenario Generation of Renewable Energy Based on
Conditional Flow Model
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Abstract: Effectively and accurately portraying the short-term output uncertainty of renewable energy is an important foundation for
the stable operation of power systems. In recent years, researchers conduct a lot of studies on generative models, among which flow-
based generative models show great potential. However, flow models are rarely used to portray the uncertainty of renewable energy.
Therefore, a short-term output scenario generation method of renewable energy based on conditional flow model is proposed. Firstly,
a series of invertible functions are trained using real output data to map the probability distribution of the data to a standard Gaussian
distribution. After the training is completed, the new output curve can be generated by inputting random noise obeying Gaussian
distribution into the trained flow model. The method can be trained directly by maximum likelihood estimation and employs a series
of specially designed invertible transformations, which can efficiently compute the training target. In addition, a generated scene
evaluation index system is constructed to assess the quality of generated scenes, achieving interpretability of the results generated by
the artificial intelligence black box model. The examples verify the effectiveness and sophistication of the proposed method.
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Fig. 1 Basic structure of flow model

FLUKHE, 8 X~Py(x) } ESCREA x e R? {4
T, DRREARMLEEERL , Z-P,(z) W SE W s it
e ROMISM . ARAT 76— 15 Bk 1 DU 6 8
for R? — RPFAR£,(x) = 2 £ (2) =, WA f
B A7 T 4 B T £

Py(x; 0)=P,(f,(x))ldet(

LACININE

At PRI det (U g g
AR TR HLA T8t s 0 A A 9 B

PRI f, WA RT3 i, I HHCHE AT LU B 1 47 91 2
WALy T o AR B R B LR A ik, R
2R H AR A -
m(?xlogPX(x; 0)=1logP,(f,(x))+
logldt(af"(x))l (2)
Bl uy it %HTLLKET%K/WﬁZ P,(z)
RATHEMLIE S, I i R £ (z) A OB B
FEA

TE AR A Xﬂﬁf ﬁfgj‘:’ ZR A AT AR )
HE: fi=1f, fo o o n Oy AT A 4 0
i, y("%%i‘{ﬁ@’{‘}ﬁ%ﬁﬂ%%%, DUJ A x 1) z 1 ke S
PAKN 7 3] o A0S m] LSRR R -

Iy
x y f y e

AR BEACE I, W] LG RE R A X 8087 81 3Rl LA
EVIE

log I det (=% f"( )

_x oy
= ;mgmet( pWO )o(4)

jﬂTﬁfgfﬂﬁﬂHﬁ%ﬁﬁﬂ‘]ﬁﬁﬁﬂﬁ%?ﬁﬁ,
AP f AR BT R — A IR S 2, Ol
1t 52 G B 07 AR AR AR & B AR E . LU
Ak £k 1 57 A 43 Al 3T (non-linear independent
component estimation, NICE )% v iy it 48 4
Eit Rk E, wmE 2R, D 4E AREAR x 43N
PIASER Y 2, Flxy, . WIS Z A% oy 7T
PARIR A«
f” e (5)
Yirip =
Kby, My, ARG 2 AR AR d
NEEARIYERE s m( - ) AR AW R X TAE
i?ﬁm( ), ZHEE ZHEEA AL HE ] AT 8

X op tm(x,,)

o HLIFIAE AT LU R R 5350
Xia = Via
{xd+l;l):yd+lzn_m(yl:d) \6)
) I, 0
y _
a— a.:;;m:z) Id+1:D (7)
fﬁ'—JPIl: LI?T:HI;H-I; D%E"fﬁ%ﬁ@, 122@3[“3%@%%#
MR, JFEITAE XML IOTRA A 1, I

o5 T, Rl A O I 2k H AR RERS 1S B4
BT

NICE i 1 52 SURR & A JE J2 A0 48 1 WA T kA
B BITEREE 2 1P A S
M= 28R, B

(e9]

1 —
=i ®
yd 1:D yld
PP 2 F R0, IR )2 50— o0 1 45 A

O

AL ﬁf” IERAE2

B 2 NICE M&iEZSR
Fig. 2 Network frame of NICE



108 FETHLINE AR 5520 %

}ﬁ%, RS 3R TR A o A SRR A 7 B It 2018, HE9) X EBIER ok K KAk
m&%AZ%ﬁﬁW%%%A%&E,ﬂuﬁﬁA max log Pyc(xle 3 0) = log P, (f,(y,¢)) +
=AM S 10
1 BEFTERE log | det fg(x c)) (10)
5 [Ty
2 KR TIHRER EW%%@%%@%&%uﬂﬁi*&ﬁ%
2.1 HHRER B IPERS G Z 00 R m () A SN A, BRI 45 fi

¢ € R, YA PRIBURA A 24 e it

BE X B SRR A x e R FLMT C (19 4% 1 15 ) Ax. IERRA Rk

y]:d =xl:d

o

i

BT XE A b6 P B B8 P (xle). _ (1D

HAkH, | P, Rz e R?, SRIG M —
D SBAC BT R f,: R? — R?, % B
Boe, 18 f(x, )=z H f,'(z, ¢)=x, Wk

Yavio =Xgi1p tm(x, )
A AR BAT AL HER] AT 8, Rt R
A o A X N 2R H s
2.2 BEEHTR

ece

TPR/MW

6 A U LA Y DI 2R R 37 5 A A A A 3

Pec(xles 0)= P,(fy(xenldet (P21 (9) g
HRAEE AT LR T U1 20 e L 2 A (B0, C 0T A Al T 3 1 S S
0 T BEX e —& ﬁ'{ At
800 : \ N0, T
600
400 \/
200

TPR/MW

ok ; ; ; ;
0 6 12 18 24
t/h

AL, e
1 000
800
600
400
200 N
’ @ WEHE

R s
1 000
800
600
400
200
Ot i : i
0 6 12 18 24
t/h
{00 S X
= 800
S 600
¥ 400
(b) Al Bt = 200
0

3 FHRERRIIGIG S LR

Fig. 3 Training and scenario generating structure of flow model
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