5519 3 55 8 EHEMEAR Vol. 19, No. 8

2025 4E 8 H SOUTHERN POWER SYSTEM TECHNOLOGY Aug. 2025
NEHRS :1674-0629(2025)08-0031-13 hE 2SS :TM743 NHEARERG: A

DOI: 10. 13648/j. cnki. issn1674-0629. 2025. 08. 004

BT Critic NEZES RBERUEHEG HI X B I R =
kit

A, FEME, RS

(1. era Tk K58 & TFFM, M 110870; 2. AR LK FEZ LS5 LA TEF %, LM 110866)

FE: A TR ) AR ARG, 428 T —H A T Critic A E % 5 FF A % (anti-entropy weight method) 49
Ay 5% A & 3 Gaussian 4 % /& 4 it (variable bandwidth hybrid sliding Gaussian kernel density estimation, VHSKDE
(Gaussian) ) 5 iE A 75 ) 35 4k % 4K 4% it (normal sliding exponential iteration, NSEI) #8464 K & o & X o] £ TR F 7% .
% 40475 ik @ AR 5 VHSKDE(Gaussian)-NSEL, # %6, @3 A T X 58545 M5 K& M2 124y 2 M 2 (variational mode
decomposition-long short-term memory, VMD-LSTM) % FR#A/F 21k £ . KJE, £ 54 A VHSKDE(Gaussian)F= NSEI1&
I IRIAR Z GRS A, AR R BRME TR, &), AR 45 FIAEKALE 5 5] 45 VHSKDE(Gauss-
ian) 2R % % VHSKDE (Gaussian ) -NSEI 284~ 2R 1 2 47 # R AL & A R AR R B o) R AR R | . TR 2R AN,
VHSKDE (Gaussian) -NSEI TR 4R 4 & £ R F) % 12 /& th oL F 4% 4 J B PICP 55 PIAW #9 #£ R 4%, 5 NSEI 4= VHSKDE
(Gaussian) 48 LA & Z 69 7T e A i Ak, AR E o R A F TR T T2 4F

KR Reh &, MAERIR; Critic; RIBME; IFRomE; HEEAET

Probability Prediction of Wind Power Based on the Combination of Critic
Weight Method and Anti-Entropy Weight Method
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(1. School of Electrical Engineering, Shenyang University of Technology, Shenyang 110870, China; 2. College of
Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China)

Abstract: In order to improve the performance of wind power probability interval prediction, a wind power interval probability predic-
tion method is proposed which is the combination of variable bandwidth hybrid sliding Gaussian kernel density estimation (VHSKDE
(Gaussian)) and normal sliding exponential iteration (NSEI) based on critical weight method and anti-entropy weight method. The
combination method is called VHSKDE(Gaussian) -NSEI for short. Firstly, the error is obtained by point prediction based on
variational mode decomposition and long short-term memory neural network(VMD-LSTM). Then, VHSKDE(Gaussian) and NSEI
are used to estimate the probability distribution of the prediction errors, and forecast interval is obtained under corresponding
confidence probability. Finally, four objective weight assignment methods are used to weight the VHSKDE(Gaussian) link and the
VHSKDE(Gaussian) -NSEI combination link twice to generate the final wind power prediction interval. The research results show
that the excellent performances of PICP and PIAW can be compatible by using the proposed VHSKDE (Gaussian)-NSEI prediction
model under different levels of confidence. The VHSKDE(Gaussian)-NSEI prediction model has higher reliability and accuracy than
NSEI and VHSKDE(Gaussian), and provides an important reference for wind power probability prediction.
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different heights and wind power active output

e S0m K 30 mKaE 10 m KK A ThZh=p. u.
120 m X 0.98 0.97 0.97 0. 45

90 m X 0. 96 0. 96 0.95 0.43

70 m Xk 0. 96 0. 96 0.95 0.44

50 m KUk 1 0.96 0.95 0.44

30 m XU 0.96 1 0.95 0.43

10 m XU 0.95 0.95 1 0.45

110m, L, ARSCEEESADTHRM LR D
120 m KGE . 90 m KU K 70m KU A RS G 45 1F
A, DN 25 2 B 2 R AT G KL AR 48 i B 1 T
Blo AT RREHER TSR, W P AT A
SEH S, BT VMD-LSTM 5 i (4 % A R A &
9120 m XU . 90 m XU . 70 m XU K i 4~ i) %)
() VMD 43 fift 9 Dy 2 1 8] 7 504545, Rtk A 21
SRR T 4. SR VMD-LSTM (4 5 0 45 50 1) ey
N R BB N R 2 TR o

&2 VMD-LSTMERETZEH
Tab. 2 VMD-LSTM mapping structure

#H HfH
L UNREIEY i §y 7
B2 2T B 5
i R 2 U 1
BRI IEAKAEL (epochs) 300
YIZR5r4E IR (batch) 20

TEME R TR O By, 480 mi TR &5 R, Wi 384
JSAENEAESE, %1 A 30 H 960 3E% 4 15 min
20 AT RE R U . AR S50 % BEAT 1T Y KDE
SREAI SR 1 S U 1 B[] 43 B8R4 15 min, X
N 96 AR IF BT a7 51 . R, A SCEETHR e+ 1 1)
Z0) 1) T A 26 ARk 2 FE PRSI, 38 ok R e Bl B
1+1 I 2 Z FiT Y 20 AT O 22V REAS

AR A H T Tensorflow HEHE /Y python 15 75 5%
P, {5 EAE 5% 8 . CPU A Intel Core i5-6300

3.20 GHz, N £ RAM & 8 GB, GPU & Nvidia
GeForce GTX 960 8 G,
18 35 A F VMD-LSTM JXUHR, B St i) 2 51) o5, 7

A5 B Z (B R 25, B S P TR Dy e 5 51
PRl R Z A A BRI SC 2R, SE 4R E BRI T
S PR IR DR A IR PR AR . h T
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PRSI 2y 28 5 SR R D) 8 22 [R] (14 ¢ 22 AT LA i 13
P2 R e th ok, WO 2 A TA T, PR TR A 25
AT B N B M TR ) R SR AR B X R AR
TSR, FRZ LT T O 22 (R T . i
VMD-LSTM 75 1 % 42 s 25 5341 4 & 3 s o

1

T T T T

AHXTIRZE T 73 /%
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5} 8] /min

B3 ETFVMD-LSTMHMTRmEES
Fig. 3 Relative error percentage based on VMD-LSTM

3.2 MEEWMMAEFEI L
30201 BARBEARYSE T T X R T T A AT

HT VMD-LSTM i 4558, A TIHRRER
1% PREOT KDE Al 11 1) 45 S EL A fo] i #2114 5% i) 3
fraes, B42% 1T 95 e BEEEARNZT, R
5P R KDE A TR Il 25 58, IR HE e
FF VMD-LSTM #fi i PE T R i fie 25 S b, BW ik
FEN 1o I 4 7] DL R HAE 8 {5 1/ Gaussian 1%
B AR TE D] 1 BRAR A T LA A% 2% B A i ik
DX [ e 3 o A FLE R AR

— Epanechnikov N — Epanechnikov [+
— VURIGURL PR R — DUy R 1R

—gaussian B {5 X [A]  — gaussian I-fR
— SARECTRE — = MAReRE R
— cosine [ — cosine [}

— SEBR{E

1500} — TNE
= 1000F

200 ?\O\_//
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=500t
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JAHL T 3 /k

7I2 7'4 7I6 7‘8 8,0 8.2 8.4
Hf 6] /min
B4 ETFSMiZRHitaSRmmERxttk(1 A30H)
Fig. 4 Comparison of probability prediction results based on
multiple kernel function estimations(January 30)

& 5 2 H1A0 % FH NSEL 25046 11 19 95% ‘& 15 15
FRIARE R TR 235
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Fig. 5 Probabilistic prediction results based on NSEI estimation
(January 30)

BEEET  PICPH54R . PIAW #5F5M1 Winkler 434

£33 B EEENSMERIBAEWNILLER(IA30H)
Tab. 3 Comparison results of various probability prediction
methods with a 95 % confidence level(January 30)

Irik PICP {H/% PIAW {H/kW  Winkler 534
NSEI 85.417 570.793 1 103. 896
Gaussian 100 1 567. 040 1 567. 040
Biweight 100 1599. 003 1 599. 003
Triangle 100 1610.912 1610.912
Cosine 100 1614.920 1614.920
Epanechnikov 100 1616.078 1616.078

A 3 AT AR, 5 A pR B A A A
IR X 6] 7 35 2K (PICP) 4 100 %, 1fij Fil 4 [X. [a1] °F-
Pris 9 (PIAW) 58] 1 500 kW LA |, NSEIE %% |
{2 Fb KDE ik ik, (HPIAW PERE A f i
$TtH, (R KDE Fiki =45z —. HEIkal LA
FETF 5 FhA% pR ALY KDE 72 LA B 56 1) F41 X 8] 37 5
KA, B T EPRTIRAE . Winkler 43 HU2
B X ME 3 TR 1 RE PR AN I T, AT DL A
PICP F1 PIAW M 25 &R . F A Winkler 43 %A LA
Y A I DT A7 25 5 DX ) AR 3 T A AR (7 A
4 . Winkler 73850 /& ) 4T 43R0, LA R /)N
fRFVEREI R . 2L &5 B /T, S8k NSEI
Tr A, i XS AE 2 804k KDE i, Rk K
Gaussian 5 Biweight #% % B Al 1T 2O H A, KL,
T EXT [ 3R 3 M AL (NSEI, Gaussian, Biweight)
BE— Ak, DL TR XU T R A R FHRORS
3.2.2 R SR A W sl A% % B Al T (VHSKDE) %

A M
1€ VHSKDE 4l /7w, DL ik Lo 35 05 fi
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JEAABH , 45 : BT Critic B -5 SR A4 5 19 XU D 545 T4 39

25 e /INME B R U 4 S 3 ME BW, 43 1) R 2 o
BW(h). BW(0.5h), BW(1.5h), LA Critic & W
ACE R AE R A & 0 LL L 344 5 B9 A [l A 11 45
B SR H Critic A E, KT Gaussian #% 95 % & 15
JE TR G MRS TR 25 SR an 5] 6 s o

[ gaussian_EfR95% B {5 X 7]

10 000k — gaussian I BR95% & {7 X [H]
4 [ VHSKDE(gaussian)- T FR95% E{Z X [&]
8000fY4d — VHSKDE(gaussian)-_I-R95% & (51X [a]
Z
B
S
=
=
~2 000y 20 40 60 80 100
Hif ] /min
B 6 95 %EEE Gaussian iZZ EREMEMITLL (1 A
30H)

Fig. 6 Comparison of 95 % confidence Gaussian kernel density
mixed probability prediction results(January 30)

ME 6] H, *H VHSKDE (Gaussian) fi it 77
7, MI%F KDE(Gaussian) , H.#ifi PIAW i 3 4%
AE, R0 TR DX R R B 5 e il 2 P A B S
K H Critic f/UE 1, T Biweight # 95 % & 15 B 1)
TR A MR RS L& 7 B .

[ biweight95% & {5 X [A]
10000 — biweight I [}
S 0 4 [ VHSKDE(biweight)
, —— VHSKDE(biweight)
E 6000
?&i 4000
ped
= 2000f
0 18
=2 000, 20 20 60 80 100
fi [B]/min
E7 95 %E{EE Biweight ZZ E RSB EMMEITLL(1 B
30H)

Fig. 7 Comparison of 95 % confidence Biweight kernel density
mixed probability prediction results(January 30)

M7 0] %0, K F VHSKDE (Biweight) i i1 7
1 AH% T KDE(Biweight ) U 51K 6 #H[A]

95 % B A7 FE A% % FE 1R A L3R TR AR B X L 46
RnF 4R,

MFe4nIA1, K VHSKDE(Gaussian)f1VHSKDE
(Biweight) #1%¢ T KDE(Gaussian, Biweight) J5 &4

x4 B rEFENZEEREMERMMEEILE R
A30R)
Tab. 4 Comparison results of kernel density mixed probability
prediction models with 95 % confidence(January 30)

WIR7S PICP{H/% PIAW fE/kW Winkler 7344
VHSKDE(Gaussian) 94.792 718. 891 984. 556
VHSKDE(Biweight) 94.792 727. 626 992. 505

Gaussian 100 1567.040  1567.040
Biweight 100 1599.003  1599.003

T 5.208 % 1) PICP X 3 BURE I (1) PIAW, - [W] i)
Winkler 73 2% %1 1 000 A N H. VHSKDE ( Gaussian )
PR R . FEBEASEE N 95 % T, VHSKDE
(Gaussian, Biweight) /5 ¥%7E Winkler 7348 I B 2 AL
F KDE(Gaussian, Biweight) FllNSEI Jyi% ., X J&H
TR IR G U S A A TR T 2 AR 03 34 5 i
25 Hae /N Y U] HE S O [R) 3 v AHF 95 BW (0.5 hy 1
h., 1.5 h) e 1 Critic BUE LA F e sh B & O
SEAR, HRE TR R I AR B R M, AT
AT EASHER IR X E] . e, i VHSKDE
(Gaussian) J7 35 ] LA 35 S T XURL AR SR FHORS B -
3.2.3 A SR A W 8 % % B Al it VHSKDE
(Gaussian) 5 NSEI 414 7Bt

MR 5 A8 34 #r, 38 33 NSEI J7 3 5 VHSKDE
(Gaussian) J7 LRI E5 G, X F B —Fp S X ] fiil
kA % B HEA L #, FF VHSKDE (Gauss-
ian) 77745 NSELJT i AH HOA 55 i /K - 1) X 0] 78 25 %
(PICP) A4 5 A ~F- X4 S i (PTAW ) o 1Tl NSEI J7 5 1|
FLAT AR PICP AL ZE 1) PIAW . [ BETH e AL Y
FOUGRAEL A 5 oAU 25 B S5, R A% % B
IR A BE R T4 5 NSEI 41 4 5 % VHSKDE (Gauss-
ian) -NSEI#f — 25 48 Fh XU DR MR FAR HOR . R
FH Anti-Entropy & WAL EIR(E T, FET 95 %'E (5%
f\) VHSKDE ( Gaussian ) -NSEI ZH 45 4 % il 42 2% & 4
Kl 8 7R o

M E 8 Al %1, % VHSKDE (Gaussian ) -NSEI
it i, M T VHSKDE (Gaussian) , H #idR
PIAW 575 | €0 Y042 DX B) A 7 2 i £ il 4 rp 28K
HAE . E 8RR LIE, T 95 %E
& % VHSKDE (Gaussian ) J5 2 #0 [X 8] 56 J& B K,
T 95 % ¥ {7 B NSELJy vk 0 X 8] 56 B ey, 3
F VHSKDE (Gaussian ) -NSEI # {il] [X. [&] 5& /& & .
1686591 4b v L& L, NSEI J7 i BRI X [7]
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Fig. 8 Comparison of 95 % confidence VHSKDE (Gaussian)-
NSEI combination probability prediction results(January 30)

/NPIAW BiAlt, (HBAT B 55 FUSH, PICPAE . Jk
F VHSKDE (Gaussian) -NSEI J7 % 5 NSEI # L
PIAW #2%, (H5¢ 23 1 B SHEH PICP AL .
b T 9E— 2 #8 7% VHSKDE (Gaussian) -NSEI £
& 7 ¥ B Anti-Entropy & W A & W {5 7 2 M
VHSKDE (Gaussian ) H Critic A 5 15 it T 1) P fE
X} 95 % {5 XTI Critic, Balance . Entropy. Anti-
Entropy 4 FACEH MAE 2 T 16 Fh 4l & 647 HELS0LG ,
eI T fe LAY 4 B 45 BT X I B9 PICP, PIAW J&¢
Winkler 545 Q12 5 /i
x5 ETAREUNEMES XM 5 »EIEE VHSKDE
(Gaussian)5 NSEI A& 1£8ExTEE(1 A 30 H)
Tab. 5 Comparison of 95 % confidence VHSKDE (Gaussian)

and NSEI combination performance based on different objective
weight assignment methods(January 30)

VHSKDE  VHSKDE-NSEI e PIAW{H/  Winkler
. . PICP {8/% ok
I RFS e RFS kW 7L
Critic Anti-Entropy ~ 91. 667 644.994  940.995
Entropy Anti-Entropy ~ 91. 667 644.973 941. 000
Anti-Entropy  Anti-Entropy 91. 667 644. 890 941. 018
Balance Anti-Entropy 91. 667 644. 945 941. 020

M5 AL, Critic AL ¥ 5 KO AL (Anti-
Entropy weight method) 4 & 1 £ #X PICP Fl PIAW 5
HoAl 3 44 A H I — %, {H K Winkler 43
940. 995 AL T HML 3 Fh i /. I, 95 % B {5
1: ¥ ] VHSKDE ( Gaussian ) -NSEI 2H 4 75 ¥: T 4%

PEBE I 85 % B fFE N 4FALGRILRINK6
FN

®6 ETARENUNEMES LR 85% EIEE VHSKDE
(Gaussian)5 NSEI & 4REXTEE(1 B30 H)
Tab. 6 Comparison of 85% confidence VHSKDE (Gaussian)
and NSEI combination performance based on different objective
weight assignment methods(January 30)

VHSKDE  VHSKDE-NSEI PIAW{H/  Winkler
R =y PICP{H/% ,
E % R % kW TR
Critic Anti-Entropy ~ 78. 125 471. 421 687. 595
Balance Anti-Entropy 77.083 467.713 695. 335
Entropy Anti-Entropy 77.083 468. 597 696. 107
Anti-Entropy  Anti-Entropy ~ 77. 083 470. 461 698. 246

M 6 1l 1, 3T Critic £ 2 5 50 A%
(Anti-Entropy weight method) 2145, 7£ 85 % B 1w &
T A9 VHSKDE (Gaussian ) -NSEI ZH & 77 A Winkler
S3HCN 687, 595 Rt FARMEREAT AL T IRl

TN 85y B 5] b ik 3 R T B AR AT 1Y T4
IX ] 7E 95% & 15 B F1 85 % ‘&1 i K i PICP 45 4%
PIAW $5%5 & Winkler 5 ¥7 -

R7 95 2ERFENZEERGBERMERIXTLLLE R
HA30H)
Tab. 7 Comparison results of kernel density mixed probability
prediction models with 95 % confidence(January 30)

) PIAW {8/ . "
Ik PICP1H/% kW{E Winkler 4341
VHSKDE(Gaussian)-NSEI ~ 91.667  644.994  940.995
VHSKDE(Gaussian) 94.792  718.891  984.556
NSEI 85.417  570.793  1103.896

®8 85 PEFEMNZEEREMEMMEEILLERA
HA30H)
Tab.8 Comparison results of kernel density mixed probability
prediction models with 85 % confidence(January 30)

Ik PICP{H/% PIAW {H/kW Winkler 734X
VHSKDE (Gaussian)-NSEI ~ 78. 125 471. 421 687. 595
VHSKDE(Gaussian ) 80. 208 516.318 739. 583
NSEI 75. 000 419.229 756. 748

1£95 %185 % EA5E F, VHSKDE(Gaussian)
77 9% 1) PICP #5454 T NSEIL,  1fii H: PIAW 8 #7 1| 45
F NSEI, A 42 H ) VHSKDE (Gaussian ) -NSEI J7
243 4+ %} VHSKDE ( Gaussian ) 3 45 i i Critic 4¢
FYEM(E , 4t %) VHSKDE (Gaussian) F1 NSEI 41 &
% *f—j K FH B0 A2 (Anti-Entropy weight method ) i

T TS, A T 2Rk, #
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95 % EHAFEM 85 % EHAFE T, VHSKDE(Gaussian)
-NSEI J5 ¥ 0 X [i] £ 36 8 43 )l o 91. 667 % F
78.125 %, PIAW $8 5453510 644. 994 F1471. 421,
VHSKDE (Gaussian) -NSEI 76 A [7] & {5 LT,
BENE I PICP 5 PIAW 4 R MERE, HAE &
SEPE A HER T

R B UEAS SO R AR A A, BT Ok
B1H 29 H5 1 H 31 H RS LG EAE 2 Tt 45
o SR H Critic £ % 5 K AL (Anti-Entropy
weight method) 41 & 8 1k 1) & T 95 % #& 1% B 1Y
VHSKDE ( Gaussian ) -NSEI 41 A K il 42 (1 H 29 H
51131 H)X A A& 9 5 10 o .

=] VIISKDE NSEI [
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Fig. 9 Comparison of 95 % confidence VHSKDE (Gaussian)-
NSEI combination probability prediction results (January 29 th)
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Fig. 10 Comparison of 95 % confidence VHSKDE (Gaussian)-
NSEI combination probability prediction results(January 31)

MIE 9 5 18 10 ®] F1 2% FJ VHSKDE (Gaussian)
-NSEI J7 1 Wil X [a) Af 5 F HoAth 7 Bh BE A i A8 oA
W5e, HILFET T 9brE.

FOME 10435 1 H 29 HRA FiR 37 H:

SRS TR X A7 95 % & {5 1 85 % B AZE R )
PICP f5#5 . PIAW 4845 & Winkler #6475 .

*9 95 REBERENZEEREGHMEMMBAZRIX LR
H29R)
Tab. 9 Comparison results of kernel density mixed probability
prediction models with 95 % confidence (January 29)

Tk PICP{H/% PIAW ff/kW Winkler 4344
VHSKDE(Gaussian)-NSEI  86. 458 727.193 1525.224
VHSKDE(Gaussian ) 89. 583 791. 672 1589. 832
NSEI 81.250 662. 290 1725.087

R10 85% EEEMREERGMETRERLERA
B 29H)
Tab. 10 Comparison results of kernel density mixed probability
prediction models with 85% confidence (January 29)

7k PICP{H/% PIAW {E/kW Winkler 4341
VHSKDE(Gaussian)-NSEI  75. 000 522. 441 1020.353
VHSKDE(Gaussian ) 78.125 558.416 1032.528
NSEI 68. 750 486. 431 1082.773

AR H Winkler $8 bR b 1T 28 5 Hl e, BT

VHSKDE(Gauss1an) -NSEI J7 e AN 6] & A5 S L
, FEMEIEI PICP 5 PIAW B4 R PEfE, HHAS T H
ﬁﬁﬁ&‘ﬁﬂ%@] () Winkler 73 B A%, HA w9l

SEPE A ER T

[, R1IME 120508 1 H 31 HR B3
i 7 2 35 10 T4 DX [R) 7F 95 % 845 3 A1 85 % A
BT B9 PICP 845 . PIAW 4845 & Winkler #8475 .

F11 B oREEENZEERAHEMMERIT LR
A31H)
Tab. 11 Comparison results of kernel density mixed probability
prediction models with 95 % confidence (January 31)

ik PICP{E/% PIAW{H/KW Winkler 734§
VHSKDE(Gaussian)-NSEI ~ 82.292  1578.408 2 807.120
VHSKDE(Gaussian) 81.250  1536.106 2 898.733
NSEI 83.333  1620.846  2900.918

F12 85 2EFERNZEERAMETIRERIT LS R
A31H)
Tab. 12 Comparison results of kernel density mixed probability
prediction models with 85 % confidence (January 31)

Ik PICP{/% PIAW {H/kW Winkler 7%k
VHSKDE(Gaussian)-NSEI  76. 042 1341.521  1957.851
VHSKDE(Gaussian) 67.708 1129.080  1971.732
NSEI 77.083 1554.672  2083.788
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%t T VHSKDE (Gaussian ) -NSEI J7 ¥ 75 A [] &
15 B 5 0 AT RE % 3 3 PICP 5 PIAW A RPEfE,
AR LA 7 A5 1) 5 I %) T AR

AT B AE B 2 1 3 T VHSKDE (Gaussian)
-NSEI 41 &4 R PR A5 A f 3z AL e 1, A SOl 2k
L 5ME I 5w, HTRKRaHE
5P . AT58R R F SCADA 2R 45 112 B Aty st [ i)
Bk 1 min B RIE S8R, FIH12022451 7 2 H &
3HEAE, 43omlma b SCH Oy ik AT AL B 15 2
T 8 640 Z5 I [8] 43 FE R M 15 min Y JXUER 27 3R 1) A] 7
SIEARAE (90 KR) . A THH3IA29H . 3H30H &
3H 31 HAYRFK N 72 h, 43383 15 min () XL T
AR, 3SR FH VMD-LSTM Jr ik k17
W e PR, o BCE 2 P 83 % (7 200) 45 I
gl WA RN 20224F 1 H 1 H—20224E3 16
H, £75K, J517 %(1 440)1E HIIESE, I H %
BN 20224E3 H 17 H—20224E3 A 31 H, 15K,
TEMER AR B BE, 1 44045 (15 K) FidR 45 e
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Fig. 11 Comparison of 95 % confidence VHSKDE (Gaussian)-
NSEI combination probability prediction results(March 29—31)

M 11 Froa] DL EOWE H % VHSKDE (Gauss-
ian)-NSEI J7 13 il T VHSKDE ( Gaussian) 5 NSEI
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T PRE
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Tab. 13 Comparison results of kernel density mixed probability
prediction models with 95 % confidence(March 29—31)

WiReS PICP{&/% PIAW {H/kW Winkler 7341
VHSKDE(Gaussian)-NSEI  91.667  1740.734  2684.253
VHSKDE(Gaussian ) 92.014 1741.038  2733.144
NSEI 89. 931 1739.850  2836.674

F14 85 2EFEMZEERAMETIREEIILLE RS
H29—31H)
Tab. 14 Comparison results of kernel density mixed probability
prediction models with 85 % confidence(March 29—31)

Jii: PICP{H/% PIAW {H/kW Winkler /34%
VHSKDE(Gaussian)-NSEI ~ 80.556  1275.959  1937.287
VHSKDE(Gaussian) 81.250  1273.745  1959.922
NSEI 77.778  1277.865  2002.350

i 1 Winkler 8 #7 # %, VHSKDE (Gaussian)
-NSEUFIATEA I EAE RO, Frid sl Winkler
SR At . BRI HE— 2D IR 1% 0 I A AU A B[]
JOBE P ik B A 3505 1) 92 Ak R

4 g

AR SCULFE T AR 3 B Al 5 s et 22
2% (VMD-LSTM ) a5 19 412 i 2 Sy il £ 57 4% %% BE A
15 IEA W S8 B AR 45 & 10 414 BE 26 Bl A5
R, S5G RACHT I KIS BT SE A5 BIRE B 1Y
JAUHE Ty 28 G R (B A T DX H), AR T 45 SR B
TERG T S, EEESIBAR

DA VMD-LSTM /5 1 4t 0 22 53 A5 FRAE, SR
HZ Mz BEAL A, BF9E & PLIE T Gaussian #%
B PEA TR e

2) F| F VMD-LSTM 4 Fil 4% f 22 53 A FRAF, R
JH NSEI #l VHSKDE (Gaussian) fH45 4, 3¢ )il PICP
5 PIAW L RPERE, W T T R DR AR
] SR A

3) i i H Critic, Anti-Entropy. Entropy. Bal-
ance 4 Fi & WAL WEE 15 1T 16 ML & 8L, 78
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