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Short-term load forecasting based on the K-fold cross-validation and stacking ensemble

ZHU Wenguang, LI Yingxue, YANG Weiqun, LIU Xiaochun,
XIONG Ning, ZHOU Cheng, WANG Li

(Economic and Technological Research Institute, State Grid Jiangxi Electric Power Company, Nanchang 330000, China)

Abstract: Short-term load forecasting is of great significance for the economic dispatching and operation of power sys-
tems. In order to improve the accuracy of short-term load forecasting, a short-term load forecasting method based on
k-fold cross validation and Stacking ensemble is proposed. Firstly, the Pearson coefficient method is utilized to screen
multiple features affecting short-term load, and redundant features are eliminated. Secondly, the k-fold validation
cross-validation method is applied to train the sub-models of the first level, and the prediction results of each sub-
model are taken as new features to train the second level model. Thirdly, the results of the sub-model are stacked,
and the short-term load forecasting results obtained by the second layer model. Finally, the validity of the proposed
method is verified by the actual data set from New England. The simulation results show that the proposed k-fold
cross-validation method can effectively improve the generalization ability of the model. Stacking fusion can not only
improve the average accuracy of prediction, but also reduce the maximum prediction error, which is more advanta-
geous than single model prediction.
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Figure 1 The principle of Stacking ensemble technique
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Figure 2 The principle of K-fold crosses validation

HRRAE

514, B

5 2 21, T

o5 3 4, mi

55 4 21,

555 4L,

R D)
T i

DAY 3 A I 2 G 1) A 2R o8 3000 3 41 8 040 2 A T
W, EAE PR £ RGAGE] b 456 IE AR B T 45
A R EUAR I 2 A ) BN AEL L Al (DR A SR 28 2 JR AR
FUARRAE . 55 A0 8 e Y G A Y 0000 A SR 35 B4 A
IR ik % SR EA

2 PIMARFAE B AR o0 B

5 1 1) A4 SO B R A AR £, A4S H 2R
B R ORAM RS LRI A A L R A A L D s
M7 A e AL DL Tl T AR G W S AR R Cau-
toregressive integrated moving average model,
ARIMA) FIJK A, GM (1, 1) MR BB A 7 i
ASUMR S g sk 40 H0 1 e $4 ok J90 000 e 90 67 A TR %R
Z P SR ARAE 3 2 5 1 B AR AR AN G B AL S HE L
T R PR B A 22 AR L 0 X T A AL S R iR
2. B IR RNRHOE X R G 4 52 e A R TR T
0 PR B o A 200 SR 5 R 671 £ AS A DG 1 RE A JC g A
B eh RS I 2 i B 2R L R 2 TR AL S
B, P AEVN AR A B A TR A BRI

FRIE 42 IR B35 27 2 vk B B8 Ad 3
R LA R 167 A T i A AR AR G 2 00 B
BEARAE . X POk B 8 1 3L A [ B ]
25 ) R 5 Wi 1 £ e 3000 A AR AE R — 2 4 [
f . PRI T R S R Y 7 12 3R B B v e 2 £ i
(1 ZHRAE

Pearson 13 Z $00] L FH R A i 2 A FEAE 2 [1)

BOAR D o A5G R BOERBET 1 . A0 OGP B 5 5 A1 O &R

BUOBBEE 0 AH EPEBRES . 2 NRAE © 1y Z A AY

Pearson 1 5¢ REL M B2E F ik
S, — ) — )

i=1

SN =t [ D —

TRy AR Ry M,
A 22 52 BR B B T 2004 46 1 A 5
2000 4F 12 F 454N BORCHE . 85 A 2 47 L1 2
THRILIE FRAURIE KRR A . F R
AL 5 BELZE K 0 46 15 S e
S S RE 40 PR 5 103 0 . D SRR
SERl e AT Pearson Al 3 2 Bk R 4 A HEAE E47 5
BEAL T 4 B 1 TR

Mg 1 ATLAT th o 6 T 5 0 5 B
S LU H AR 0 66 R4 A 4 B2
B . G ORI L R AR R R
5 3% 9t M 1 Pearson HI X 7 BB/, £ Ho R

(D

"oy

X

F1 B/ IAREY Pearson #AX % 4
Table 1 Pearson correlation coefficient of each index
By B4 Rk s ES

i 221 0.51 || HATMA® A ARIRA BLEE 4> 0.58
TR 0.27 FEL 7 11 4 —0.29
7 0.05 i I 454 0.33
KRS MM 0.08 A A B e A 0.51
HL 0. 66 R BAEN 0.13

P A —o0. 01 - -




90 wooh R

5

2021 4E 1 H

K AS 5 Sk JLFPARRAE .

i B 220 9 P R R R R LA B 20 9 £ e A —
SE MR DGR . BR T BR800 HL M B3 AN A YRR AE
W R % % BT S A e R A BRE L T R R A K AT
PLIE AR Y A0 2R s 6 ) P 9 R 2 S5 BO0) s s
SRR 2 2] B 3R AN ) 2 o i 6 A ) 0 A R Y
HiY., RZ . ffpiad kS Ssmanks
A BEH 2 AR IO R AR 2%, R, O T E A i
1 g s B fer P A2 A T S B 2 T B
T—1.T—2,w T —15 W} 2 £ 1 Z [A] () Pearson
R REL.

W 2 Prow, i s 20 o far #2515 h 9 67
o 22 () F Bt ) R DG 1 B 5 ESF TR 0 g man v 55 . A
T—13 T—7 M E/R#RBIRLERT 0. 1, X B
24 HiF B 220 A9 6 fuf A0t 25 7 AN A B 22 ) LA A
SER P B TD R S 0 T S S IR A B Kl 7

R2 MR R RE R

Table 2 Pearson correlation coefficient of historical loads

piditads  REC || DiRmAr O REC || RRAT R
T—1 0.96 T—6 0.24 T—11 —0.10
T—2 0. 86 T—7 0.12 T—12 —o0.11
T—3 0.72 T—38 0.02 T—13 —0.10
T—1 0.56 T—9 —0.04 T—14  —0.09
T—5 0. 40 T—10 —0.08 T—15 —0.06

3 LA g B
3.1 LSTM AW 2& 25+ Fn i)l ZR A 1

LSTM M 4 7£ 1997 4£ iy Sepp Hochreiter F
Jirgen Schmidhuber $2& H1%, LSTM [ 4% J& iifi
Pl s R 3 AN TR B R 12 BT Y
T HURIME B, SR 5 i A [ 1Y R BSOS B B R IR
SEERIERT , LSTM R4 A 250 Hh b 31 7 5 3 9145 2 F
FF ] A AR A G 3R L 0 B D o i I e A I
ATy 2T AR AR S Rl k. B/ 3
LSTM WicZ I8 R B8, R 1 45 oo h
FATTZIE 1 56 F DL B AR SBB 2] LSTM ¥ 4% 2 [i]
(A HLAE

B3 LSTM#&#En
Figure 3 The structure unit of LSTM
BE—AI 2 B AR 3 4, 4 Bl R LSTM
HITI A& x, MEITTIRESm & e, A LSTM

BT i R, RS TTAR R AS [ B AR AE
HEAT I IE AT R AR 2 M AR 4 A5 B 5 A A SRR
P31 N

(fi=0,W,x,+Uh,_,+b,)

i,=o, Wx,+Uh,—,+b,)

{o,=o, W,x,+U,h,—,+b,)

¢c.=f,°c,.ti,co. Wx,+U.h,_,+b.)

lh,=o0,°0.(c,)
X WRIU FACE R b 8 ), X s 2
BAE NG B S sh SR f, i, Mo, 500 ik
R 1T TR ) i AT ST e R L D O
mi; o, Mo, 578K sigmoid. hyperbolic tangent

e 4 LSTM i 28 9 2% 1 45 ¥ LA oK F 4%
I 1] JR& 114 2 1) 15 2 A 6 B 100 % I 2% AT I 5
P SC LA #5466 X 43 1% 2% (mean absolute percent
error, MAPE) /401 2k s 40 .
3.2 LightGBM iy /51

LightGBM &% DMTK HIFATE 2017 4E42 i
(1 —FiRT B B R THAE S RN 58 A R S 4R
Th SR 53 S IR AT 7E — S R B 1 4 v 4 2R Bl
IF R HER R, AT, Light GBM 3 33 4k FI T 4320
AL AR B 2 2T S

AAXS T-4% G 09 B B2 4 T+ LigthGBM. F2 %
AL 455 FL TR R A AR R I B B O PR R AR R R, X
T—MHENARBINGE X ={(x.,y)).i =1,
2, .n, LigthGBM [ H b5 & 48 5] — 4~ 35 6L F 5 A
BREL f (o) R BCRHR E BB KA L (v f ()
f 109 22 0 e /ML B

(2



236 5 1 ROV ET K338 IS IE Al Stacking @l 14 8 8 67 a7 7500 91
g minE. LG Gy TSI S B SR B 7
f

LigthGBM % i T ¥ 2 8l 19 B >f 3 {1 fe 2 B
L R

Fr(X)=D>f,(X) (4)
A T HEEMAAE, BIER T LR R N
Wi oq S {1929"’91} (5)

Kb T A FEGq AR PSR ELIN s w Ry Y S
FEARME M A&, K, LightGBM ¥ 38 53 i = 4
ROEAT I S AR08 ¢ A .

I,=>L(y,.F, () +f.(x)) (6
i=1
LightGBM 1 H fr ok B0 4 i i PR @ e .
TR HGR I, L3 6) i g R B s L T DU A K
L3 )
S 1
’EZ(gmf,(x,)Jr?h;f,z(xl)) <)
i=1

K g AR, 4300 R e eR BCRY — B R B A
FE, BT, FoaRm T RS R (D FE R

I = E{(Eg;)wj Jri(Z)h +Ow? )\ (8)
J kI’EIJ 2 iGIJ

.
Xt — A0 2 RO EE AL g (o) o 2% I A5 00 i
AL w; H L BIRRAE T Rom N

s
e —— (9
DI
1 d (Z[EIg )
r;y=—— . (10)
2SS
Kb T a] LIBAE B T e o 3R A 45+ o i
B PF- 43 PRER . 55 H bR pR a"ﬂtTu%/T%J
(20 8
G=—
\26J1+A
(2’€1Rg1)2 (2161gi>_\
+ (1D
Eiel hi+A E h’_'_A)

b TR T 20 SR REAR R Y 2 43 S fVAR 43 52
3.3 SVM WRE

SVM J&7E 20 4l 90 AR5 $2 th IF 45 2] Pkt
KIBMGIT B2, B E 2Rtz
AE 7 3 0 SR B RRAE o AR 1 g 1] U AL AR

Bl JRHLAOR it F T0000 of 2 50 o 5 0 P

Xf 45 8 R AL
z={(x 1,y ) (x,y,))
a2
x; ER",y; €ER,i=1,1
XA Y ZRAE A 1Y Fe /s Z 3 ] 8 AL [0 5 AT LA
NN
[min]:lwaJrCEe?
2 =1 (13)
s.ty: =wd(x,) +b+e,;
A CHETNREGD WIRE e, HIRE:w

SRR TE R R, H AR pR B A B H eR T DL
RN

1 t
L :?wa —Q—CZe? —
i=1

Ea,[w§<xi)+b+e,—y,j (14)

X% R éﬂﬂ%&ﬁ ] LA AR s Ak T AR A

F1% SR A [
[o 1 1
1 k(xysx,) +1/C

1] i

e k(l‘lal',) aq Vi

o k() | la ] Ly

(15)
K k(a,x ) HEERE Z T RA MR A
FEA) 0] R0 o FI 0 2 1) 6 b, & ESE 220 1) T DU (B AT
AR A

! k(x,sx1)

Pz =D ak(z.x,) +b (16)
i=1

3.4 MLPHREIE

MLP & — il th 42 3% 2 2 20 A9 1 0] 45 74 /9 A\
T2 W 4%, 0 LRI ] B )32 00 1 28 ) 2% 1 T 22
—UT 4 TR, — S HRD MLP ) 46 25 4
A A Z RS R M 2. B LIS R —
AmE N ABHR 52 2EERT —

JZ o BR TR R BT AR — Al A AR L
P PREI R 2270 . — P RORR O 2 1) 1% 4B B 0 1)

BrA S T5 A W BRI ZE MLP, MLP J2 &A1 48 1Y
T FOR TR TG 1 92 B R AN T 23 A R
] B R R



99 wooh R

5

i VN 2 Eite 2021 41 A

PN S it 2
FEAE 1
FEAE 2
SIS
FEAE 3
FEAE n

B4 MLP &M% 4H
Figure 4 Network structure of MLP

3.5 EHAEHNNKE

i Bk, B T K47 28 U HIE A Stacking
Al £ %) e U 67 A ST i TS A SR T LA ROR AN T

IDRER WNIEA IR i RIS IR SR 1 S SRy
PR RIBIE S IS T A 3, R e/ e K
T A T v K s SR B [0, 1 X ]

2) A A AU | 3 38 A TR R AR R A 67
07 4 1 7R b 7 B, O 8 LA 8 K B R b 2R K
TEAE S 7% 2 FH R 255 22 i F A7

3) A AR AFE AR LSTM R 4% . SVM, MLP L)
S Light GBM MY 251 fiZ 4k, B BRI S5

M LSTM M4 .SVM.MLP LA} LightGBM
HRE BT 3 FhVE SR 1 JZ MR, ) A — Fh A R AR
2 EREARL, R K-Hr ik 28 kil 55 1 2
A FRIR, IR 25 A 10 8L 1Y T0 45 SR A S R
TEYIZRES 2 JARAY

5) i A 15 A0 B | O K AL R 25 R AT
Stacking il FHEE 2 )2 (0B R A5 21 1500 A 46 1)
A, I G AH IR 22 845

4 BB

IR R TR IR
T SRR 12 SC I B R A R K LAY
75 MR 2 (root mean square error, RMSE) | 1 44
T 1% 2% (mean absolute error, MAE) DL } 335 42 X}

4.1

T 4 iR 2% (mean absolute percentage errors
MAPE) 15 Jy i & 78 b5, 78 5 8 A% 22 52 bR 40 -
HEAFOF R, 5 2004 4F 1 H 3] 2008 4E 10 H #
B I 2R 4E,2008 45 11 A 3] 2009 4F 5 A B %K

P AE R S0 E4E , 2009 4F 6 H F] 2009 4F 12 H 1 4
VERMERAE . Fif BT Tensorflow 1. 8 HEHE
TS, B PR BE L R - Intel (R) Core (TM) i7-
7700 M 3. 60-GHz processor and 8 GB of RAM,

2853 I R R IR E AN R R ek S
B 1 )2E 3 A PR Light GBM BB RS2 6,45
BB 70 30 Fr . 2% 20 % 0. 1, B R B BIL R A R
S 0.8, it R I d/INERCGEE Dl 90, IR IREL
16 000, HARREE regression; SVM K F 4% 1]
B PRBUE I AZ BB LSTM (1 6 A JZ T % H 2 #J2
S BN ) I B 2 T AN BOR A R A A BRORE
SR EMMAEITAEE 1, BREREH 3 A
LSTM JZH4 1 B 28 5048043 il o2 32,18 F 10, &
2 JAMEERLZ Z RBAHL, BREZAECh 3 )2, )2
M 2 e B & 15,15 il 20,
4.2 K-# 3% XIWIE RS0

BT AR K -7 38 B A X T AR I 2R i A
B DL 2 BB R ], 8 e {H A 0 ) 14 Z ]
AL A PRI 2, BRI BOHE E U 50 IR
KRG AR MR 3 FR,

R3 ORF kAL B AT LR
Table 3 Forecasting results in different £ values
YR 2% ML R 22
RMSE MAE MAPE/% MAE RMSE MAPE/% ¢
162. 2 114.9 0.76 158. 1 120. 2 0. 74 0
202.0 142.7 0. 94 166. 9 126. 1 0.77 2
195. 3 137.1 0. 90 160. 7 121.8 0.74 4
191. 8 133.8 0. 88 159. 7 120. 3 0.74 6
185.9 130. 6 0. 86 159.7 120. 8 0. 74 8
181. 3 127.3 0. 84 157.9 119.1 0.73 10
180. 4 126.5 0. 84 156.9 118.1 0.72 12
179.4 125.8 0. 83 154. 2 117.3 0.71 14

M 3 T LAE - OMR T Al i S i 5
S AUR IR B R 22 5 W A BT g I, 53 50 B &
(BRI , DI 4 B9 0% 22 2B T /DN o 302 R ANy
Ml b HERN A EZHEARS 5IIHER,
P U2 4 A A28 25 F0 0 I R 4 L IR 22 A AR L 3K
Ao OEIMICHE A IR ZE T L BEH £ (E A3,



55036 &5 1 W

RS IR T K474 REAN Stacking A 0051 5 00 93

AR R ZZ W B W s/ X LR b {H D 12
AT 00 & D9 12 YN 2R AR 22 B AR LU R 70 41 1
R AR 3 8 2% 25 BT O AR 70 AL A1 B0 /0 & 3 156 1
BER R AEA F T2 R B R A2 1L fiE

5 8 & (ELAEAS [F) O B 22 22 8% AL B e g 1|
ZiE], Al DU ) B AR IEOR & fELA I T 2 v A
TR Z ACRE T o (E A S 27 TS ) B 3, PR e A
TEFE ke (ELIC Ao B2 A A T 53 00K B2 RIRE I L 322 3C
JESERTTH ARG — £ {HIC 10,
80
60

40 -

THRL I (] /s

20

< I Il Il Il L I ]
0 2 4 6 8 10 12 14
Ire

5 RE kAL 4 %

Figure 5 Training time corresponding to £ value
4.3 B—ERKEN

TEBEAT Stacking BB @l FT L A 0 XS 4
AN AR SR AT 00 67 g FU 4 B T IR . R AR
TESE SR 1 2 WA, B Jr vk A 47 4 S7 U 50
W IFGHR 2R RN 4 BT, [/ 6 M BEHLE o
K24 /NI AT 2 A S50 1 O

J sk 0k P A Y AR 22 48 it & B, LightGBM,
LSTM, MLP Lk K SVM 4 MAPE {4 4> % H
0.72%.0. 68%.0. 73% Lk 2 0. 87% . M3 FE A (1)
FHIR2E KA LSTM 14 U B 5% & » LightGBM
1 MLP Byl v e AR 42205, SVM R 22, M
6 FILLA /R LightGBM Hl MLP H-F # 1% 22
HEL SVM /N AR AR S S i 220 25 H BLAR K iR 22 .

F4 RGN LR

Table 4 Prediction results of different models

kA DR A
B
RMSE MAE MAPE/% RMSE MAE MAPE/%
LigthGBM 137.2 96 0.64  153.8 116.7  0.72
LSTM 127 94.9 0.62  141.3 110.5  0.68

MLP 181.3  127.3  0.84 157.9 119.1 0.73

SVM 149 107 0.73 178.1 140.4 0.87

4006  —e—LigthGBM ——1STM

—e—MLP ——SVM
H
K
o,
>~
€
I %]
Be6 AANEAGLTIEE
Figure 6 The absolute forecasting errors of

different models
4.4 Stacking Bt & /5 R
T 343 IR 02 SO B B B R R L AR R R
LightGBM.LSTM ,MLP il SVM 1 fity H: Al 3 4>
BRI Stacking @A A 12 B A9 — A4S B R
R 2 F . A MO EMIRES IR 5 PR,
x5 AFAFFEHMNKERE

Table 5 Test set error of four schemes

12 A RMSE MAE MAPE/%
LSTM,MLP,SVM LigthGBM 129.1 98.7 0. 60
LigthGBM,MLP,SVM LSTM 122.5 92.5 0.56
LSTM,SVM, LigthGBM MLP 156.4  121.3 0.75

LSTM,MLP, LigthGBM SVM 145.1 113.8 0.71

N5 ATLLE . Q4 A FHORAE Stacking il
A I T AE 14 J2 0 57 8 6F 3 47 A S0 RS B A o
RIGF0 , MLP #E 50— R B vh 3% AL, 7 i
TRl & J5 R 25 BT 1S R, B 3L T Stacking A%
TR Tl AN A 0T DR IE R A5 S TR ) T0ORG B —  i T
— RS TEY G 4SRN 1% T RS 32 32 B Rl 1 254 L
B R L R B 52 e, ) B — A5 TR T ) 5y
MAPE Jy 0. 68 %, Hi 2 il 5 £ 8 1) MAPE 43 5
4 0.60% F 0.56% ., i %/~ i Stacking @l A £
TS 50 1 A5 A AR5t A /N T DN 45 2%, it o TN B

Bl 7 M4 A B — R AN Stacking il & B LAY
TR 4R B9 e Kk MAPE fi , Bl A B8 1~4 43 51
XFNEEE 5 2 ~5 4T B AL, R — AL
LightGBM 1 LSTM [1y°F- ¥ MAPE B & It J) 4b 2
AN B KB MAPE 116 MLP fl SVM K,
MR RR 1 F 2 AT LLE 5T Stacking B il
B AALER T T T S S8 B i HLR N T R R
iR 2



i VN 2 Eite 2021 41 A

MAPE/%

6
5
4
3 -
2
1
0 - - - -
LigthGBM LSTM MLP SVM i1 A2 A3 A4
R e

7 AAEEA R K MAPE
Figure 7 The maximal MAPE of different models

S én I75]

T B TS ) Ay T BROR L BR H T T K-

Pr 28 LB UEFN Stacking Rl #4 J5 40 67 4y 000 7 2%
T 5 T R IR A 5% 28 TG R W ) G AT 1) 22 A
A FEAT 075 328 S BR U AR R AE . LU FIH K-35
WESESOGENGRE 1 R B4 A THRLEL, JF 8 454> 1A
T B T 25 SR B R A TN ZR5S 2 JR AL, 4%

5K FRERE) 45 R 1T Stacking @A, S 2
)2 )R U A5 381 J 1 67 Ay %) T 45 3 T A 2

14 552 o i s 2R 0 LR B

DA K -4 28 SC50UE 3 1 25 45 6 30000 1)
BERVA F) T4 TRz AL 68 J1 . B & 5 8% 328 A
K2 ST ],

)T LigthGBM.LSTM.MLP L)} SVM 1y
B — A5 Y A fap TN EL A AN [ 4 L B R LigthGBM
FMLP (147 34 B0 15 22 /0 o A 85 R B 0000 45 22
BK.

3) AT Stacking il G AL BN A T T FOM
SRR BE S T ELR /N T R R A T 458 2% LY R — A
AT T AL,

SE W

(1] R, 24, 45 —fg . 5L T MRS & — R W ] 7 41 El-
SR AT R TIL). B RG RS
Pl .2019,47(3) :23-30.

man i 2

WU Jiamao, LI Yan,FU Yijian. Short-term power con-
sumption prediction based on rough set chaotic time se-
ries Elman neural network[ ]J]. Power System Protection

and Control,2019,47(3) :23-30.

(2] s, 35 SCHE , BRIk . 45 3 0 A IR 2 5 5K 43 BT 1Y B AR
DX 358 45 r A 2R 26 1 A5 (D . T A 0, 2020,53(5) £ 10-
17.

HAN Jun, HAN Wenhua, CHEN Xi, et al. Research on
reducing regional outage loss based on entropy weight-
gray correlation analysis [J]. Electric Power, 2020, 53
(5):10-17.

XA IS ok AR, X0 I ek, 45 3T 32 40 0 BT R S 1)
S HIL I e T B A ML AR A R D ik L) . R R
2020,56(9) :267-272+278.

LIU Weipeng,ZHANG Guogang, LIU Yakui, et al. Me-

[3]

chanical status identification of high voltage -circuit
breakers based on principal component analysis and sup-
port vector machines [ J]. High Voltage Apparatus,
2020,56(9):267-272+278.
(4] R, /N 4208, 5. JEE P25 6 5 1 8 Tl 4
AL ORI ER S M B R LT W R i 5,
2020,48(5):81-85.
WU Di, TANG Xiaobing, LI Peng, et al. State monito-
ring technology of substation relay protection device
based on deep neural network[ ] ]. Power System Protec-
tion and Control,2020,48(5) :81-85.
XUSH L 3K T HETE PR BCHE 3R Bl 9 e T 46 4 5 A
W gRiR (1] I RS A K, 2018,42(6) . 157-167.
LIU Yuxiao,ZHANG Ning, KANG Chonggin. A review
on data-driven analysis and optimization of power grid
[J]. Automation of Electric Power Systems, 2018, 42
(6):157-167.
PRI, e, R AL T RBOHE 43 T 04 KUBL gl 7R
g T () ). R L J7,2020,48(2) :25-30.
LI Junging, WANG Huanzhong. JI Gang, et al. Fault

[6]

early warning of wind turbine bearing based on big data
analysis[ ] ]. Smart power,2020,48(2) :25-30.

AR I KR, B T R H e RO A 3
E5 N A o Vs I I RSN RS R s
2019,35(8) :42-48.

[7]

SHI Rong. YANG Haibo,LI Yongyiset al. Analysis and
prediction of power consumption in different industries
based on large data processing technology of the same-
period electricity sales[ J]. Power Grid and Clean Ener-
gy»2019,35(8) :42-48.

XA A — NG, JA 3, AL TR A HIE Y XU AL 4R
B IES BT KB RE 4 4. 2018, 39 (10) .
2891-2900.

(8]



5036 B 1M

ROV ET K338 IS IE Al Stacking @l 14 8 8 67 a7 7500 95

[10]

[11]

(12]

[13]

[14]

LIU Huaxin, YUAN Yiming, ZHOU Pei. et al. Normal
cloud model for condition evaluation of wind turbines
based on fusion theory[J]. Acta Energiae Solaris Sinica,
2018,39(10) :2891-2900.
RFEAR AR, E 73 45 B TR0 12 M 4% 1 X
HL 3 e FL D) SRR S BT TN [ ], R R R, 2017, 41 (12)
68-73.
ZHU Qiaomu, LI Hongyi,» WANG Zhiqi. et al. Short-
term wind power forecasting based on LSTM[]]. Power
System Technology,2017,41(12) :68-73.
Hochreiter S,Schmidhuber J. Long short-term memory
[J]. Neural Computation,1997,9(8):1735-1780.
ZE VK, SR W, R . T LSTM A4 2 309 IR0 151 0 AF 5
[J0. PF A ML B 2018, 35(11) : 456-461.
LI Bing, ZHANG Yan, LIU Shi. Wind speed short
term prediction study based on LSTM[]]. Computer
Simulation,2018,35(11) :456-461.
B 0 E g R A S SR T B R B 2
AN Y T S0 A AU TR0 k[ ] H D ik, 2018, 39
(10):20-27.
YANG Jiajia, LIU Guolong, ZHAO Junhua, et al. A
long short term memory based deep learning method
for industrial load forecasting[J]. Electric Power Con-
struction,2018,39(10) :20-27.
Wang D H,Zhang Y,Zhao Y. LightGBM: an effective
miRNA classification method in breast cancer patients
[C]//Proceedings of the 2017 International Conference
on Computational Biology and Bioinformatics. New
York,USA.2017.
Zhang W, Quan H, Srinivasan D. Parallel and reliable

probabilistic load forecasting via quantile regression

[15]

[16]

[17]

(18]

[19]

forest and quantile determination[]]. Energy., 2018,
160:810-819.

Ma X, Sha ], Wang D, et al. Study on a prediction of
P2P network loan default based on the machine learn-
ing LightGBM and XGboost algorithms according to
different high dimensional data cleaning[]J]. Electronic
Commerce Research and Applications,2018,31:24-39.
XA, 0w B L S XU 3 e i S R A T
BRI, B A . 2009,33(13): 74-79.

LIU Chun, FAN Gaofeng, WANG Weisheng, et al. A
combination forecasting model for wind farm output
power[ ] ]. Power System Technology, 2009, 33 (13):
74-79.

Bulhoes ] S,Martins C L,Reis M R C,et al. Predicting
system for flooded areas developed with MLP-type
neural network//[ C]2018 IEEE International Confer-
ence on Environment and Electrical Engineering and
2018 IEEE Industrial and Commercial Power Systems
( EEEICI&.CPS Europe ). Palermo, Italy:
IEEE,2018.

JE AR E YOI A TR T WL OB AR R
S TS0 A E T (0. F T 5 9 TR RE TR . 2020, 36 (6)
64-69-+77.

ZHOU Hai, LI Dengxuan, YIN Wansi, et al. Short-

Europe

term forecasting correction method of photovoltaic
power based on extreme learning machine[ ] ]. Power
System and Clean Energy,2020,36(6) :64-69-+77.

Aggarwal S K, Saini L M, Kumar A. Electricity price
forecasting in deregulated markets:a review and evalu-
ation[ ] ]. International Journal of Electrical Power &

Energy Systems,2009,31(1) :13-22.



