U ER TR

9 2021 4E 11 H Electric Power Engineering Technology 40 5 61

DOI:10.12158/7.2096-3203.2021.06.002
55T VMD-LSTMQR 1978 8l £ 28 7 4y [X. 8] 350

FHAL, A, KB d' BXE', 3477
(1. EGNR2FRS S 30 ) TR2ABE, 1L 1M 221116,
2. WL R2FH S TRESEBE , Wil HuMl 310058)

H OE: AR TR RS 3 R AT S BACEATHE R AT, E R BT A R Z 5 R Hm, AR TEL
89 ST, X 8] T A AR e 5 AT AR A TRESL ) ARG LA TIET, AT, LPRE—FE
T35 AR A - 42 B 1A 22 W 4 -4 ¥ = )2 (VMD-LSTMOQR) #9 & 30 2 4% R 4 R B Fam 55 k. & 4, Pk
JA VMD H R4 F & S A 5 R — A5 R R A R A A6 F 590 85, LR R T A5 0 R ERSF KRR
LSTMQR %~ % xR B F- /5 51 #E 4T K 8] FUm 5 55 , H R ) F 5 51 09 [X J) Sl gk A7 M, 49 3 R 46 A 2% Fr TR 285 R
S A A 220 kV A= 10 kV B4 5 A7 2B I0IE T AT R 89 R JA] TR LAY AR 4% T4 4 X 18] T AR A 28 TR ok | IR JA)

R BT R R AE

R A& AT KA TAN ; B 5 BES 5 AR (VMD) 5 K42 H1 92 10 AT 22 M % 445 4= )2 (LSTMQR) 5 78 sh 48 X5 4

]

hE S KE TMT15 MERFR ST A

0 3§

PR 1) 707 T AN (S RE Ay H, g ) B i AR 4R
i L% R B L A e s AT o R T
AL S50 T 7T 43 Ay 53 00 0 X e 00
I 2 P A T 5 — ik 2o EL AR py B L
MBS R (LAY 5% 22 Jie /N by B 5 T DX [ 03000 2 15
I B — 220t g DX TR) 3 AR X R 58 8 DX A)
R HAR o %50 i G B K 2 2 1 5
JUTI A i T ) R G A AN E I R, B
Tf Dy 2 B A M B 1Y) e T TG 3 g %
TR RIANG E P DX TR] R LR 232 i XA 240
LN HE g B AT G M, G TR A 2 R R A
PRAE SR 25 o PR il S A i X
(] FHEI0A B2 sk H BTSSR BT 5 10l

FE A N 53X DX R F0I AT 1)z i 5
D) A gt oy kY L B KA
TR A L A SCEk[9] R A K
I HII01Z (long short-term memory , LSTM ) ] £% ¥E 47
ST I LA R 25 I A FEAG I, Al 3 AN R] A
D IE] T B 4 g DCTE] SCHR [ 1S A T 0 A %5 [l )5
(quantile regression, QR ) F& F A [ 454 B A 17 75 1 487
R, BaiF ] QR ARMELAAE LML G 17
KEREE A A%, Pt Sy 1 5w DX ] 3 I 5
R, R P P 2 AR D QR — b ) AE 3 3 ) A

W AS B #7:2021-06-17 ;45 =1 B #7 :2021-08-21
A2 E  BERARAFALTBR A (51977194)

L E S :2096-3203( 2021) 06-0009-09

B SCHRL 16 ] 2340 5 101 )3 1 B BIL AR bk (random
forest, RF) 45 G 75— & AT 47 47 R A8 2% J32, RICR
IR TAESE QR BR T BEPLARAR S 20 R B2 &
A 37 5 w1 & ML (support vector machine, SVM) [17]
P 44 1) 32 pR K ( radial basis function, RBF) (18] e
D7 A I 5 1% o

SR B e SR TR PO B SR T B O3 A A
A B RO B o3 A 2 1B L AR R T B
HEAT TN R A5 3] i 2 0 T 4 R . X R AT
Ay R H T /NI 43 it (wavelet decomposition,
WD) " 2B B A 43 i (empirical mode decomposi-
tion, EMD) *"™* 45 SCHk [ 231 R I 2 30 B A ) A
Wt o i o 2 A BEES RS 2 kAT B, (5
EMD ) SZ SR & 50

ARG o3 ik SRANTIIN B 5 12 K 2242 P s 70
B iE AT TR S50 b TR A% G0 O3 e
B TATERSIRS WS, S S0 5.
hy k0 i v TN B DA R R il 1) 2 AL RE
SCHR AR A3 AR S 43 f#: ( variational mode decomposi-
tion, VMD) $2 T+ 73 i ROCR | SR TR BE 27 2] I 28 4
WA M2 M 45 53 A% a1 H (Tlong short-term memory
neural network quantile regression, LSTMQR ) $& F} fiii
DUDKS B2, 42 ) — Ak T VMD-LSTMQR #1998 3l £} 2%
Gy DX TR] PN . 1 5, SR T H O AR L B E VMDD
BEZR AT A e A 00 i 8O, -0 D 2 A BE R 17 £ 2
il B — FR AN [A] 330 AR AE 18 1 7 915 ok, SR IXC
(] BT 8 A5 5 1 A ] - e 51 9 e VR 3l 2P K 4R



2 HEHEAR 10

J& 73 IR 2% 7 51 BEAT LSTMQR X [] i, 75 5]
AR T A B 0 25 2R s d )i, 8 4% 1y 1 Y X ]
TN EE A, 15 E S5 A A7) 4 X[ B

1 St X iE F i A B

1.1 VMD Ry EAR[RIE

VMD figh [ 38 0 5 5 JEAT 40 . AT
FA%45: EMD 356 5 75 20K AR A 7Y, VMD 5 i >R A
eI 2 F T o i A T2, A ROHBR R A
LRI ), X M P B TR AR & R, R
F—BeiEPo x(¢) 38 kAR FAR S R B
)7 50 43 fifk AT PR S8 RS o d o IS @ MBS
AR w () KR HOSR A o, BRI SEEL
BUR .

(1) BB TEITTE . X TR0
MRS 3o w, (1) R Hilbert 2246045 21| BN 1%

(2) B — MBS R D AR o, I K
T TIR B , WA pR R A3 ] o) 1) A Y

(3) FIFH e 1 o o0t 8 22 R A S A
Woe, B A MRS S0 L2 Jusk, AL oR A
ZYR A AS SRR, E AR R ECH «

min{ﬁ (30 + é) ®u(n)]e™

i=1

K (1)
s.t. Z u;(t) =x(t)

K 0, Ky o 195 8(1) A Dirac S A BREL KON

SrENMGONERIERE . TSI AR H AR R gL

KA, ST ZIRIRT I o FNPIA% B H e 1 A AR AE

Ly [R) AR R TC 2 R Rl X (2) PR o
L(u;,w;,A) =

(s + ;t) @ u(n)] e

K

ay

i=1

2
+
2

x(t) - iu[(t) Hz +

(A () (1) - ;ui(t)> (2)

X (2) 2R ST 1 e 13k B B 45 A A5 At LA
Jerpun iR, mnai(3) B

~

A(w)
2

o) =Y u,,(0) +

I +2a(w - w,;yn)2

ui,n+l(w) =

P (3)
fow [ (@) [Pdo

wi,n+l

fo ‘ l;’i,rml(w) ‘zdw

A w(w) , filw) , Alw) 43500 w ) , (1),
ACE) B B AR s o S ATR n S AR IR
u, (@) FAR n B p (918 B8,
1.2 ETFQRFILSTM 5

FEF QR 9 LSTM 4 QR 1EN LSTM ) — )2,
it B AE LSTM A [f) 43 B 0 F 10 98 2% o 5, g
LSTM [ AR [7] £ {43 (5 R AR | HC2 b DL 1,

*
ez

HANZ EVEP

1 LSTMQR &8
Fig.1 The model of LSTMQR

TEATF ML, 7, 1 A9 LSTM (453 5% e %, BRI -

=

L(7,) = min lem—g<Xt,W<ri>,b<n>>> +

y Y, W) ] (4)
Kb W(r) |, b(r,) 433100 LSTM [FALE Flf B 78
I T S y MIEWIAES 2450 X, , Y, 7

B LSTM B i A Fil i s g (- ) Sk e S B 4K
p.(a) FKE A, =X (5) FioR .
ar; 7, =0
pTi(a):{a(T,;—l) <0 (3)
s o AR
FAFAF AL 7 AL W(r,) ,0(7,),
R FIBREE T ML A TR R

2 EF VMD-LSTMQR B:Zzh 2 15 X 8] Fi
MR

21 RHWNRN

SCHR TR sl 30 AS [R] 5 Fe 81 X Ta) 330
X N 4R A R4, R VMD iR 25, %1
SRR B N 4

WAL RN A @ AT RS RIRT n
R SLBIRF NN o0y oy, RAET AN
TIFHIRT n 2080008 2 00 n+ 120095 17 5180
Ho b g DX JA] 5 245K B n+ 1 %0, K32 i 20 B B fm
N ECSEBE T 5 90 5 8 ke A O AR A B dl ot
BN i yias Yo 3 ZJ RIS
(N 18] 3 510 25 B n+2 5 2005 Py S0 ) DX, 4



11 BT 5F 5T VMD-LSTMOQR [ 8l B 6 X (8] Fi

MR IR S BN S, S8 177 81 X [ T

B e i TR IR L KN N, R
LSTMQRJy ikt A7 DX [ U , AR 2 I 254 i g A\ 5
b s (6) Pi .

X Xy XN, XN, +1

A T T Xn;+2
Xop,i= | . ) . s Yo ;=

X Xt xmh\"L—I xm+]\",<

o X KA AT H0 U i AREAS I SR
JER m X N, 3 Yo DS § AT IR I S AEAR
WIGRGERE Sy m 4

FESEAT LSTMOQR X 1] U0 s, 4R 455 Fir 14 5 1 4
(&R RS AN it F L e SO | 7 N i s
BN RIS . FEDEA TR AL G (1 o R L AR 4 AN W]
05 0V s 3 W TRV B QW R 1 P = A U
90% A5 IX 8] & SO AR X [H) 4 i By 0.05 %20.95
(A g 25 5, =X (7) fim o

X1 X2 Ut Xy
X2 X3 ' x[\"i+m+l
X'l‘E,i = i . . ,
LXN-N;,  XN-n+1 T Ay
_x/Vi+m+](Ti,> xsvl-+zn+]( 1 - Ti)
xl\‘"-+rn+2( Ti) st-+/n+2< 1 - Ti)
Yip = ' . l . (7)
L xy(7) ay(1 =7;)

AP X NS TIPS RIS AREAS , I 2R 4k
BER (N = N; = m) XN, 3¥o N5 i AT 51
a HAEAS UIRGEE N (N - N, —m) x 2,
2.2 ET VMD-LSTMQR i fa X 8 it il fit 12

HF VMD-LSTMOQR iy [X.[1] 751 00 2 51K 97 A
(8] 751 3 fift L K AT 1780, 385 2000 K A4S
FEAT LSTMQR (7R 2l X [l F , iR 3 451 3 51 X
] FEI 45 S 4T 1 e 5 E A, 45 31 B & 0 0 45
Ho FETF VMD-LSTMQR 7 fiif 78 2 510 Y 3 A P 4n
K2 s, BARR L BT

(1) Xt Py s i BE 2 G 4 K 14T VMD R
HRL AR VE T 5 B A9 20 e K, R I o 97 £y
FP81 o3 i K A AN R AL 1 151

(2) AR DX [R] FEIN 45 B J0 J01 f S8 AN ) P 91 e
PLHRSh A

(3) RAR SIS 20 (4 K A5 751053
S IEAT LSTMQR X [ FT M o

(4) XN oE B 1y S0 2547 1P AU E A, 15
BB iy G X a] 50

|55 A B |
JR U 7 A B - i
' ! !
[Frail|  [FRm2 - [FRIK]
} ! }
IR ([ BERE)| | [RERE)
%/Héfﬁ% 5%@’:@% 5&?&%
LSTMQRIZ| [LSTMQRZ| _ [LSTMQRIZ
FXETM | (ST || Zh X T
| | ]
TRAX A E A
5 S A X ) S50

2 ETF VMD-LSTMQR %3 6175 X /8] L i 72
Fig.2 The process of rolling interval load prediction
based on VMD-LSTMQR

2.3 RMNHIERR
SCH R 3 AN X RS BRI ] R
(1) X 8] 78 55 2 ( prediction interval cover-
age probability, PICP ) F T PFAl F i X [i] (4 7] 5 1
PICP R F7R Bk 2 1) S Bn B 7% A X TR A 38 v , $3
RO, AR (8) iz

1 N
epicp :NZ n; X 100% (8)
iz

A N g BINREA I 5 m, AR AE, 5 B B 64
DX T 55 S BRI AEE I 10 1, B ek 0,

(2) o X 6] 52747 S ( prediction interval nor-
malized average width, PINAW ) ] s e 350 [X. [&] (9
T . 454 W X 8] 4 55 5846 bR, PINAW @7
DX [F) 53 5 23 00000 ey, 000 A8 R B o, 3Rk =X
(9) PR

CpiNaw 2%2[([% = L)Y ] (9)
1=1
Ty ATAEA R ORAE; L R © DR
THFE: U 8% i DA B AHE.

(3) 13— )4 2= ( normalized average devia-
tion, NAD) F 3P4l 52 B 2y 828 5 700 DX [ 7 %) e
JEo NAD 8/NERIR AR5 A S T X [R5 B, H:
s (10) frs o

€nAD =N; 0, (10)

Hrp



2 HEHEAR 12

Lew/[FZw -] v
0 vy, el[L,U]
—U)/[ 2<U—L>] y > U,
(11)

ey R AREAS I LI
3 BHIHE

SCHREL 220 kV 5 10 KV RE2R G A B 20931
BUESCH T BT IE A S . Pk i 220 kv
SH IR AL 2017 455 A 1 H 3| 2017 45 H 31
H ,RAFEMEBE A S ming 10 kV BEZ G 47 5008 i 1) A
201741 A 1 HE 2018 4F 1 H 1 H, RAEH f& N
1 ho 220 kV 1 10 kV &2k G fi 5 [6] J# 51 4 €] 3 e
MRo SCHURE 220 kV BEECTUAT AT 25 d 1E U1 ZR %L
B, )5 6 d AR D IR 5 10 KV REZR G i i 300 d
YERINZRE e, Ja 65 d Aokt . SCHh BT B
(17 R EX ] 9 [ 0.05,0.95 1, [a] B 0.05

300 ¢

250 |
2
= |l :
= 200} / W\W

150 : : : :

0 2000 4000 6000 8000
FEA B3
(a) 220 kVEFEE 1
2500

4000 6000 8000
FEA R

(b) 10 kVEELE G

2000

3 220 kV #0110 kV B &k fa e
Fig.3 Bus load power of 220 kV and 10 kV
MIEN 3 AT, 10 KV BEZRFT 220 kV BELR G HE IR
BeAPE AR, A AR PR R, R A VMD #%
T 7 SN FEAT o3 A A5 3] K A AS [R5 R AL 1Y 1 7
B, LR o e A i SO OCR o 7R 20 g i, SR T RO

WAL E A R RO K S 20 S B S
FAL S DK GBS A . R e
IR K, SO ROE KR HETE I, 1 80
ARESEO TR DR . A RS K + 1, A 2
MBS OO AR BRI, DG 3 T 2R
I OL , S A R K o SCH L) 220 kV BEZR
G R BEAT 0 AT o ARl 23 0 R 220 kV B
TR HO RS R AN 1 PR
F1 220 kV BL AR SR TR OHE

Table 1 The center frequency of different decom-
position numbers of 220 kV bus load powe Hz

3 4 5 6 7 8
0.108 0.089 0.059 0.053 0.040 0.028
S 2 194 148 91 82 61 42
B3 357 264 210 175 92 79

S

FiZs 4 407 316 258 221 185
A5 421 346 308 261
S 6 435 387 337
A 7 463 406
RS 8 470

HIZR 1 A, Yo i RIS RON 7 M, B35
2 LR 61 Ha 25 3 B LRy 92 He,
2 AERAS DR LU o T 0 il BB S RO
6 IR ,6 NS Z 1] Y H O AR A 22 FLEOR
11,220 kV REZR S A 1) foc HE O AR S RO 60 IR HL,

RSB L AR A MRS e IR A ﬁFF? BE LK
PR IR, A 6 BRI . (B 4 2 20d VMD Z

JEWIRRZS 1 A 6 Ty s Uﬁég‘ao
300

280 |

= 260

S 240 ¢

18 220 t

180

160

4000 6000 8000
FEA 3K

(a) HEA1

0 2000

4000 6000 8000
FEA RIHL

(b) Bi6

4 233 VMD Z GRS 1 %S 6 FRIIGR
Fig.4 The subsequence results of
mode 1 and mode 6 after VMD

0 2000



13 BT 5F 5T VMD-LSTMOQR [ 8l B 6 X (8] Fi

AP 4 Al UL RS 1 1) 9 FE BT AR, 5 AR
A7 A A 3AE 1] — B I B2 ik 2 )5 9 B (e 2h
ARICER, 5 IO DR I B Pl . T 2
6 [T AT B e, PL R LR, 23 fifk 2 ) O KU
MBI PRI RS 1A T 245 R 3] fie 28 i 0
Al P A Y SE R foe A i HAR B S S M R 55/

TEXS AN [ FR 73 ik Fy 51 BEAT 0 A, 75 4 31 5 16
MBI K WP K R, B U AR i 2P K
P/, Tovk A BRI AR AE o 5 B A BB 4 RE AN Y
REAL & BOHE A4 4R AE, 1T EL BB #1838 58 TC 3015 B
I, SR RE AN ) B 22 Y L R B i IG5 s 22 B
IR SN o AN TR 0 ik 1P 51 B B 1 4 1
W 2~6, ARIT IS RIGIRILIE S,

60
’/.\o\.\.
sop
40
S
T30}
<&
20
————— —
T
0

2 3 1 5 6
HK

(a) ANFPTE 14 B TI0N 1X 8] ~F 3575 75 2
0.10

‘\/\/‘
0.08

T
0.04}

EpINAW

0.02 -

—
————

——3

0

2 3 4 5 6
i
(b) TR B A T X 1T 9

6p — 77—
N —

€NAD
w

2 3 4 5 6
S
() AFPACTT (B AR 2 T X 18] U3 —=F- 359 i 72
—— BB —— A2 W3
—— B4 BIES — iSe6
5 AREFKTEESKEHEER
Fig.5 Index values of each mode under different steps
B S SR SEA AT AN RIS A 3 S
EAREU . RS | FIREES 2 LUBCFAR,, i LT
0 DX )7 T A LRy , TS A 3 B 6 gl Mo A

TR, EE AR X[ S5 R AN

R 3 MR EIUR I A BN K, ERE ]
HP A 3 FERAE I IX (14 98 N A 4 5 e 1 DX ) 2
R SR ORN, ERE 2 P, K 4 XA 5E
FERSAR T A4 6, (H 0 DX 7] 25 55 % LA K A 125 7
FEK 6, HL A 2 LK R 4,

FERSEES 3 W 5K 3 11 3 MR bR, 7RIS 4
H BARAE K S B9 B R AR K 3 B2 5 Rk v L (H
DX [0 14 B 5 LA B 8 R BE LA 3 /0N BB 4 1
B KN 3. K 4 FEBES 5 FIBES 6 il 3 4
SRR, RS 3 BB 6 M sh ik, |
BB AR LIS LT s R R, R BT — 2K,
SCRURE A R P R P K. 25 BB T
BRI 6 MR Kk 3,4,3,3,4,4,

AR A5 155 25 1) S A VR Bl 25 K 43 ) % 4% B S )7
AT X 1) T, A A DX ) T90 00 45 SR kAT A 15
) JFUUR 671 407 TP 81 06 DX ) T 45 SR . Sk T S UE r 42
T B A B, SCHR R R B A1 3 i X R S0 J vk
PEAT HG o 3 X ) 0 i 43 ) R T LSTMQR .
P XF JEU A 7 T 5 810 08 47 X 18] #5000 L 2R F LSTMQR %o}
EMD i i £ 4e7 e 510 064 7 10000 SR i AE 2 800k 2%
TR 22 IR X RN T H0 o R 4 ROy 35501
X 10 kV #1220 kV AEELR 7 far 24T B0, AN [A) B A5
X [E] 3 M EFREUEINE 6 & 7 Fis , RFDJE T B
{5 X EF PR 2 PR .

100 1
80

60

epce/%

40}

20

° 10 20 30 40 50 60 70 80 90
BFEXE/%
(a) AAEAF XA T AF T PICP

04571
0401
0351
0301
0251
020
0.15¢
0.10F
005t

CpINAW

10 20 30 40 50 60 70 80 90
BIEXE/%
(b) ANEEAE X6 NAE 7 PINAW



2 HEHEAR 14

10 20 30 40 50 60 70 80 90
BEXE/%
(¢) AFESE XN AF T HINAD
m LSTMQR e |2 2 H01% 2 AR 22 53 A
EMD-LSTMQR = VMD-LSTMQR

6 10 kV BZ A TR EFNREEHE LR
Fig.6 Accuracy comparison of different prediction

models for 10 kV bus load power

L5 R 6 AN T R, Bl LA DX A AR, 4 Rl
75 X T8] 5 BE AT AE 3 O, R 22 1) D) 5 R A
DX A X[ 2 i 3, i 725 X ) 7 ) e JBE A
AN o X EEIE 6 B 4 Bh ik Al L, TG e —
AEAR XA, R A VMD-LSTMQR. [X.[a] i 1 I [7]
Vi RE R (EL D] ) O B R B e AR o B T 40% ELAS
IX [ IR EMD-LSTMOR 4h, A& MEEE X F
P X ) 48 3t R 24y T A 7 3k

M2 110 kV P33 T 25 28 m] A, SR VMD-
LSTMQR Jy i B~F-£ X [ 9 BEAHACH AY 3 BBt Js
T 0.01~0.03 (g [a] i, - 427 FT00 X 5] 5 o 0 2 o

100
80

60

epce/ %

40t

20 ¢

°7l0 20 30 40 50 60 70 80 90
EAE X/ %
(a) AIFAEAXE FARTTEKIPICP
0257

020

0151

EpINAW

0.10 1

0051

10 20 30 40 50 60 70 80 90
BAEX /%

(b) ANFEEAE X NAFTTZEFIPINAW

401
35+
3.0
25H
%20}
15H
1.0 {
05

0

10 20 30 40 50 60 70 80 90
EAEX /%
(¢) AABMFXE FAFTERNAD
mmm LSTMQR s =25 K05 [ R 22 90 A1
EMD-LSTMQR === VMD-LSTMQR

7 220 kV L& G T AR MR AR

Fig.7 Accuracy comparison of different prediction
models for 220 kV bus load power

F2 220 kV #0110 kV BL&FEHTNLER
Table 2 Average prediction results of
220 kV and 10 kV bus load

Jiik TGS e

10 kV 220 kV

epicp/ % 49.9 50.0

LSTMQR epINAW 0.186 0.093
€NAD 0.591 1.064

epiep/ % 53.9 52.1

VMD-LSTMQR epINAW 0.162 0.081
€NAD 0.477 1.025

epiep/ % 50.1 48.6

EMD-LSTMQR epINAW 0.171 0.108
€NAD 0.538 1.107

’ epiep/ % 50.7 50.8
jl;igzig epINAW 0.192 0.092
ENAD 0.562 1.073

3% ~4% S-S X RHF AR T 0.1 A4y Mgk
FAESHOZ R R 25 70 A7 (AR 23 X [B) T 7 2% ,
SROF- 49 X () B8 B A B, H 7 2 T5000OKS B A L F
VMD-LSTMQR B 3% /245, B4k LSTMOQR f)E-+y
X |7 9% Ji % & F VMD-LSTMQR #1 EMD-LSTMOQR,
(LS4 RO S5 A1, 7 A 1347 i 225 0 e 1

XTLGIEL 7 B 4 Tl BR T AE 10% BAF X ],
VMD-LSTMQR 11X [&] & i B2 & R FJE S 50% %
R 2 DX [ TN 9 DX ) B B, AR TR AE W — A~ B AR
X ], VMD-LSTMQR. [X [i1] Fi i iy [X. [i1] 5 5 35 %2 /N F
Hogr 3 By vke M2 2 19 220 kV P2t 25 2L ]
S, SCHR R AE T 34 DX (8] I T A 3 R O ik
0.01~0.03 (1) [R] 0}, S35 114 TR B A A 4 T
2% ~4% . Tk ] EMD-LSTMQR £ 4K - ¥ X [6] i
JE v, (E TR B A 2% o



15 BT 5F 5T VMD-LSTMOQR [ 8l B 6 X (8] Fi

£ b, R VMD-LSTMQR #y IX. i) T 77 ¥ 6
X 10 kV BELR G EA T B, 382X 220 kV BELR
BT HEAT T , 8B PR IEAE R AR 1) - 2 X[ 58 B2 R
A7 B ey 1 DX () 7 ot AR L TR A i 2 R o AR
TARGEH DX A T 05 3% , BWACRA ] s .

Kl 8 2y 90% EAF XA T 220 kV BR2k 5 fif B —
RIX AT AR

270t
260

= 250

Z 240}

*‘* 230}
T" 220 1
il:\ 210 \/‘”www //V\/\/\\\w
200}
1907 100 150 200
FEA 8
(a) LSTMQR
2701
260}
= 250 b
Z 240}
% 230}
= 220 N
Q:\/ 210 \\//WW\///\”\A
200} \
190

0 Sb 160 130 260 2‘50
B A
(b) H B Ao R A

0 50 100 150 200 250
FEA S
(¢) VMD-LSTMQR

2801
270}
= 260
S 250t
5 240
= 230 o
i 220 o
Eopopae TN / N
200
0050 100 150 200 250
FEAS

(d) EMD-LSTMQR
— T RS — TR A BN IR
8 90%EEXIETH AR
Fig.8 Load prediction of 90% confidence level
Hi &l 8 WA, 90% A5 DX [A] T 52 B 1) 67 ip 2y 4
AR BEARSF 7 A 4 Tl I 3k Ffe 50300 ) X PB) 7 1N o
90% EAw DXIA) T 1 4 T J7 v B AR 000 ROR S 8 4F

{EXF LB 8(a) ((b) ((e)  (d) AT LUR B, % K S br
D5 i B0 A X [R) 4R 2 S I, TR
VMD-LSTMQR [X_[ia] F5 il J5 ¥ FEAE A 51 50 ~ 100 LA
S 200~288 {14 IX[1] B A it B0 614 T 300 FAR B T
fi 3 FOFEAR T 5~ 10 MW {75 5 B Y s AL
D 25 BRI A8, HoAR 3 Bl vk R 1 LB 94 S
DA RS, XF G 4 FhO7 kT E e LR
H, VMD-LSTMQR |- 31 % il Il ) 2% #£ 240 ~ 260
MW, i AR 77k b3 AR B AE 250 ~280 MW, R 34
ST 4 Fh 5 A AE 210 ~220 MW, 3% 5 5
WRA >R ] VMD-LSTMQR 5 i) X [7] 95 J52 56 /), #&
PR TR 4T

4 it

777 DX 0] 50 A6 6 S 0 4 T b, s ke 97 £ 22 Ak
AR HA, Ay v 0 RS0 R B R A 2 25 R . SC
$e i —Fh VMD-LSTMQR {14 [X. [f] 7 fif 7000 7 125 , 7
VIR 3 8 73 e 2 A [ I R A B I A Y X 1) 93
I, LSRR Y 28 0 0E B SO B 7 R O A Ak . 45
piog (1l

(1) AHXS TALGE Ry EMD 3 fif, SCH R A VMD
I3 O RS T AU IGR, T AR R v O R 0 0
A S

(2) RIS A i) A X R AT DX E] U, I AR
PEA RS L 3 D FEbR IR AR Z5 A4kt d5e oy 538 1Y
ARSI A K

(3) XAFRZE R A LSTMQR 347 X 6] #0
DA SLEORT LSTM 255 19 J7 B AR TAE 4819 QR T3
DR B A

25 F IR, ORI AR VR 3l X R B 5 2 A
SRR A% G2 18 DX T 5000 75 32 A B 78 1 DX I) L B 7y
149 DX TRDRS J32 LA e SRR P i 725 R 82, i LT >R FH B3R
AN & PR, BE S 4 S PR AR T
IS
S 3k
(1] LA, E 3, 4R, 85 T X A T2 9 25 1 B 2k

TR B TR ,2020,39(6) :104-109.

QIAN Tiantian, WANG Ke, XU Lizhong, et al. The bus load de-

composition method based on bi-directional long short-term me-

mory model[ J]. Electric Power Engineering Technology 2020,

39(6) :104-109.

[2] Z=4cts, FHifg e, BRI 30, 2L+ MFOA-GRNN A5 () 45 e, )

T[T ], M E AR ,2018,42(2) :585-590.

LI Donghui, YIN Haiyan,ZHENG Bowen. An annual load fore-

casting model based on generalized regression neural network

with multi-swarm fruit fly optimization algorithm[ J]. Power Sys-

tem Technology,2018,42(2) :585-590.



& AH) ALK 16

[3] EFE3C, IhEM. Iy AP MR B 74 5 347 A
[T, thEEHL TR ,2015,35(3) :527-537.

WANG Dewen,SUN Zhiwei. Big data analysis and parallel load
forecasting of electric power user side[ J]. Proceedings of the
CSEE,2015,35(3) :527-537.

[4] 230, F4&F,JNLE. BIHF T Atention-LSTM [
WA BRI T ]. M4 AR ,2019,43(5) 1 1745-1751.
PENG Wen, WANG Jinrui, YIN Shanqing. Short-term load fore-
casting model based on Attention-LSTM in electricity market
[J]. Power System Technology,2019,43(5) :1745-1751.

[S] VRIREF, s =05, R 22 I 46 345 1 ik [T H BIL A 3l X
TR SRR LI [ J]. o HEAR,2020,44(6) :2237-2244.
SHEN Zhaoxuan, YUAN Sannan. Regional load clustering inte-
gration forecasting based on convolutional neural network sup-
port vector regression machine[ J]. Power System Technology,
2020,44(6) ;2237-2244.

[6] YANG Y D,LI S F,LI W Q, et al. Power load probability

density forecasting using Gaussian process quantile regression

[J]. Applied Energy,2018,213:499-509.

B WHI, TR BT 554 1SPO WU S A B (M1 07 4390 71

AL ], ) R G B H B 8l k241, 2014, 26 (10) - 46-

50,68.

PENG Xiangang, WANG Hongsen. Short-term load forecasting

[7

[}

based on competitive ISPO and twin support vector regression
[J]. Proceedings of the CSU-EPSA,2014,26(10) :46-50,68.

[8] J\%E, 20y, XK Hs, 55 ShABARMLS S S AR AR 45 5 1

WA IINITELT]. B RGP S, 2018,46(15)
29-35.
FANG Baling, LI Long, ZHAO Jiazhu, et al. Short-term load
forecasting based on the combination of dynamic similarity and
static similarity [ J ]. Power System Protection and Control,
2018,46(15) :29-35.

(9] 76t 2l BT, 45 T IR > 70 (o K [l A S Y )

L DA A BE UM [T ] v 00 B 3kt s%,2018,38(9)
15-20.
LI Bin,PENG Shurong, PENG Junzhe et al. Wind power proba-
bility density forecasting based on deep learning quantile regr-
ession model[ J]. Electric Power Automation Equipment,2018,
38(9) :15-20.

[10] QUAN H,SRINIVASAN D,KHOSRAVI A. Uncertainty hand-

ling using neural network-based prediction intervals for electri-

cal load forecasting[ J]. Energy,2014,73:916-925.

UREIRE , VP IR K, B3 AR, 6. 5T RBI 22 0 45 23-f3 4wl

VRV HL g s R SO ik [0 . op R A LR AT,

2013,33(1) :93-98.

HE Yaoyao,XU Qifa, YANG Shanlin, et al. A power load pro-

—
—_
—_

[

bability density forecasting method based on RBF neural net-
work quantile regression[ J]. Proceedings of the CSEE, 2013,
33(1):93-98.

[12] HABEN S, GIASEMIDIS G. A hybrid model of kernel density
estimation and quantile regression for GEFCom2014 probabi-

listic load forecasting[ J]. International Journal of Forecasting,

2016,32(3) : 1017-1022.

[13] #8hia , R3O, X £ 7, 55, T8 T REOL AL B R A B~
STHUBRL A X H S 38 I TR 300 ek [T ] [ A L e 2
#2,2015,35(S1) :146-153.

YANG Xiyun, GUAN Wenyuan, LIU Yuqi,et al. Prediction in-
tervals forecasts of wind power based on PSO-KELM[J]. Pro-
ceedings of the CSEE,2015,35(S1) :146-153.

[14] XIE J R,HONG T. Temperature scenario generation for proba-
bilistic load forecasting[ J|. IEEE Transactions on Smart Grid,
2018,9(3) : 1680-1687.

[15] LIU B D,NOWOTARSKI J, HONG T, et al. Probabilistic load
forecasting via quantile regression averaging on sister forecasts
[J]. IEEE Transactions on Smart Grid,2017,8(2) ;730-737.

[16] ZHANG W J,QUAN H,SRINIVASAN D. Parallel and reliable
probabilistic load forecasting via quantile regression forest and
quantile determination[ J]. Energy,2018,160:810-819.

[17] HEY Y,LIU R,LI H Y, et al. Short-term power load probabi-
lity density forecasting method using kernel-based support vec-
tor quantile regression and Copula theory[ J]. Applied Energy,
2017,185:254-266.

(18] ZHANG W J,QUAN H,SRINIVASAN D. An improved quanti-
le regression neural network for probabilistic load forecasting
[J]. IEEE Transactions on Smart Grid, 2019, 10 (4) ; 4425-
4434,

[19] LI B W,ZHANG J,HE Y, et al. Short-term load-forecasting
method based on wavelet decomposition with second-order gray
neural network model combined with ADF test[ J]. IEEE Ac-
cess,2017,5.16324-16331.

[20] LIU H,CHEN C,TIAN H Q,et al. A hybrid model for wind
speed prediction using empirical mode decomposition and arti-
ficial neural networks[ J]. Renewable Energy,2012,48.545-
556.

[21] B £, B0, JET EMD-SA-SVR i) %6 1 XU e, 2 22 7500
WHELT]. W Js RGP 5451 ,2020,48(4) :89-96.

ZHAO Qian, HUANG Jingtao. On ultra-short-term wind power
prediction based on EMD-SA-SVR[ J]. Power System Protec-
tion and Control ,2020,48(4) :89-96.

[22] T, ARARAS , 2RI, 45 R AL T #Y EMD-GRU 4]

RIS T [T . ARAFR R 2244 ( B ARBL AR , 2021, 42
(6):817-824.
FANG Na, YU Junjie, LI Junxiao,et al. Short-term power load
forecasting under EMD-GRU attention mechanism[ J]. Journal
of Huaqiao University ( Natural Science) ,2021,42(6) :817-
824.

(23] %R0, X%, skt , 45, BT EMD-KELM-EKF 5241k
e 0 P P O A e 0 e Y 6 BN D7 A [T ] R R,
2014,38(10) :2691-2699.
TANG Qingfeng, LIU Nian, ZHANG Jianhua, et al. A short-
term load forecasting method for micro-grid based on EMD-
KELM-EKF and parameter optimization [ J ]. Power System
Technology ,2014,38( 10) :2691-2699.

(24] Wb, 5K 0, XUk 45, 45, BT VMD F0XUE 1 7 71 AL



17 BT 5F 5T VMD-LSTMOQR [ 8l B 6 X (8] Fi

LSTM (% 16K SR [J]. WS R4 A 301k, 2021 ,45 lel-LSTM neural network quantile regression mode[ J]. Power
(3):174-182. System Technology,2021,45(4) :1356-1364.
YANG Jingxian, ZHANG Shuai, LIU Jichun, et al. Short-term

photovoltaic power prediction based on variational mode de- VEHZ i -

HHH(1971) , 5, W4, BB, OhR s
[r) S HL AR B A 6 AT B ( E-mail: dxw _zju @
163.com) ;

N E(1997) 55 AR B, B T ) R

composition and long shortterm memory with dual-stage atten-
tion mechanism [ J]. Automation of Electric Power Systems,
2021,45(3) :174-182.

[25] ZFF, JRifi , i ARAe , 55 FE TR LSTM 43 % [ml I
PRSI, S G AR R TN R [ T]. W B AR, 2021, 45 BT B 5
(4) :1356-1364. il [RnE 5 (1997) , 2o, AL AE 32, AR 5 10 R
LI Dan, ZHANG Yuanhang, YANG Baohua, et al. Short time v A T

power load probabilistic forecasting based on constrained paral-

Rolling bus load interval prediction based on VMD-LSTMQR
DONG Xinwei', BU Zhilong' , CHEN Minghui', LU Wenpeng', NIAN Heng *
(1. School of Electrical and Power Engineering, China University of Mining and Technology , Xuzhou 221116, China;
2. College of Electrical Engineering,Zhejiang University , Hangzhou 310058, China)

Abstract: Load interval prediction conducting probabilistic analysis for load power quantifies the impact of uncertain factors
accurately. Compared with traditional point prediction, interval prediction is beneficial to the safety and stability of the power
system, and it reflects the trend of load changes more intuitively. It is proposed a rolling bus load interval prediction method
based on variational mode decomposition (VMD) and long short-term memory neural network quantile regression ( LSTMQR)
in this paper. First of all,the bus load is decomposed into a series of subsequences with different frequency characteristics by
VMD. After that, the optimal rolling steps of different subsequences are determined and LSTMQR is used to predict power
intervals of different subsequences. Finally, the interval predictions of different subsequences are reconstructed to obtain the
original load prediction results. It is verified by 220 kV and 10 kV bus load data to obtain that the proposed method above has a
significant improvement in prediction accuracy and interval width by comparing with traditional interval prediction models.
Keywords :bus load; interval prediction; variational mode decomposition ( VMD ) ; long short-term memory neural network

quantile regression ( LSTMQR) ;rolling mode ; decomposition and reconstruction
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