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Abstract

Medium- and long-term power forecasting is one of the main studies in power system planning,
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and one of the hot spots widely concerned by academia and industry. In this paper, we construct a
reasonable index system of power demand influencing factors, and screen out key indexes by
sparse bayesian learning (SBL) and correlation analysis. Using complete ensemble empirical mode
decomposition with adaptive noise (CEEMDAN), the electricity demand data are decomposed into
multiple signal components (intrinsic mode function, IMF) and the IMF is used as the component
to be predicted. The parameters of the kernel based extreme learning machine (KELM) are opti-
mized by the grey wolf optimizer (GWO), and a CEEMDAN-GWO-KELM multiple combination model
is developed. The empirical analysis of model comparison is done through the electricity demand
data from 1960 to 2020 to verify the validity and accuracy of the model and to forecast the me-
dium and long-term electricity demand in China.
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1. 3]

M AT R K R e ki, B M) Re Ry, il JUAR B H 75 SR o e sy R
BRI ZNBE B R HEZE C 7) BE BRI A AR BRI AR e MEAN 2, & R D AR AT . dn T AR e AT R
R TR R R S, I HL g O R A M T PR

X2 1B A1 253 A ) TR FE A T R E AL 1], 7R N2k

1) fEGiA Jidk . i) 7 5145 7 (autoregressive integrated moving average model, ARIMA) [2] [3]. [A]
IFEEY[4] OB TINERL[S]. RS8N 17[6]5, 2B B, PIERAETESR, BAE AT S5
AR, AHTGVEA AR AR S AR P AR YRR, (RIS T H TN R A A, AR A R ) T
K

2) BReALE YL SRR EMLIEEEE7]. N TR 48] (artificial neural network, ANN). Hi&
[ Boosting #74[9], FE T8t £ ik (genetic algorithm, GA)FURL FHE b (particle swarm optimization, PSO)
AR BP MZEMIZE[10]. BT R/R UEESMEATNEMSE S A S A1), 2T ANN 51t
WHIEIEAMCGM-R) [12]55 . X SeREA A T J0 100 o ) 0 far N o 1K e ABE AN AR MK B2 340 2 Acb
PRARR M ) b, A B R RO, EEEARE, i E R S BUE AR K, RIS B
JAEB AR, B REE R SR, FEERAEILERE, — R B 7 AR A

AL, ASCR A SBL AR 3T Hi A FF SR B R 2, JRiide thOCER AR &, DLUMCORIRAME S AL £
AP R B B 8] 7 O 22 A 2, T AT ERAASE, BRRIR S BRI 2R, (Rl 25 3L
TS . T KELM FABYFE SR PRI JE~1 R (R I 18] 7 21 R IRAR R AVERE =5 18, R4 Dy de 25 1) Tt A 4 A2
A, FF5IN GWO HiEx KELM BRAT 2 R LK S 8EE R, #—PIA TR . 51 X CEEMDAN
FE[1BME 50, EAMMURE LRGSR, R AR MR- PR i A RAF IR, N T
BRI S, KBRS as, ol T & MEREIZ, RS2 2 MmN R, AR
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AR B ESOIRARLANE S AR ESEE A 2 FIA SBL ARAIFET AR R ZR 200K 5
HH GWO-KELM 45 R $j Y 2 Jaj i (e g - 5 T HS AR T A5 15 71l CEEMDAN 73 55 By L BRI JUL 45

2. EBARKENE Rigtrik RiE

AICFRPRE R IR R NI T Ra bR BE 23 &, HER TR E R Kk R EEMX,
FATE WK NEHBL, Pk g5 S5 255 N RERINE IR, 456 2 A H IR AL 14] [15] [16],
AR

1) & REKTF. BAFRREEFRERAASEMEGRR, SUFHIGKIEIE8E fb JH og K i HE 2
W, FATILE GDP(X1)RAEAL T &K, A GDP (X2)RMAENRETFATEKF-.

2) WREEAIKF o AR — AN TR ) TSR I B A R 2, SR O AL R (X3 ) R AR N 11 4L
(X4 REIREFAIKT

3) NIRRT i RAETE R B SR B B G 4y, IR HUR E N D E(XS)1E N 4L

4) el gEi . W AR B K SR T AR A, FRA RIS — P A (X6).
P (XT) s 55 =77 (X8) W IR KA Pk 45 44

5) TAbA/K T, FRIEE W% ETRE T T, EE T INE X9)18% Tk ik K.

6) JE R TR B RIE O S H R FR SR A (4R OC R . BT 2 E Y 45 £ (consumer price
index, CPI) (X10)f03R /& R 3H 2K F o

7) A . BIEBI AR SRR, BN BRI EERNE, KRR
F AR = B R, AT A8 T RORE S i AN A i B (XL DA E FL A

8) FHHLILA. FE AR Re Jfe B 1T, ERR e T4y, st — 3 B8R (X12)
SR 5 — SR 00 o B B — T SE .

3. BElBE
3.1. BHRIAMHEZE S ER

AR SCR F g DU 2 STRE AL 17] (sparse bayesian learning, SBL), =& B2 % fEFEARFAE /D T FEA F I
KIALTE, mHBETHAFTEDESH, MURSHERIGRER N B RETEmfae, HEA TN,

3.2. RBRE S HL(KELM)

ARSI IR 22 ST HLAE Dy e 24
SEMEA G, AR ¥R, 2k

3.3. IR ETE(GWO)

AR F IR B0 B A B A 33047 Z 50004k, GWO Bk oo | K AN E %, BA BRIk
TERE. ZH0/b . TR ) S AR
3.4. GWO-KELM #=&!

A EI N GWO HiEX KELM #4728t . GWO Hik B ARk KELM #5584 b £ 8 52 1) 1 4k 2
B C %R EL gamma. ARIE GWO-KELM BRI 25 44F Nt AT, F ¥ AR 1% ZE (root mean square
error, RMSE){E N GWO ByEIE N B R 4, AWk 15 2] KELM S804 R s -

TG AR, EAMLRERRR T R R, T HLAE A AR B BT
RESEAT -
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4. CEEMDAN-GWO-KELM i #&5Y
4.1. FRIZEARS D BRI

ASCEEL EEMD 43 fi#. CEEMD 43 fi. CEEMDAN 20 i 73k AT it b 8] 1(a) 52 W /3 B JEL 6 0 i
S, B 1(b)~(d)RAFES RIS S, @A 1e) 515 1), FTLLAIE CEEMDAN 135 Sk B4 /)
iRz, KR EIEAIARLM:, A-PRE S AR RIFII B IERNRRE ST, 7T LS S48 — e U7 HES1
T BRI AR5 AAVREAS R 5ORA S B A SR SR AR5 5 IR P A B, Xt R ARSI 7 A I 25 H

4.2. CEEMDAN-GWO-KELM #&5!

CEEMDAN [ 18] fift S I (8] 7 F0 BT, 51 AR RBOREE IR o R R 5 K, e T4 IMF
SEA—ANERERR, BN BRI, R GWO Hiktik KELM 35, E53
HUE T PR A, I H KELM BEAUA R EEAR, e BA H Azt . BRDRE.:

g X10° ‘ HATRES . | Eﬁﬁ—ﬁa‘dn EEMDﬁ:J\ﬁ# |
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Figure 1. Comparison of different modal signals and errors
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Figure 2. CEEMDAN-GWO-KELM algorithm flow chart
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5. SCUES AR
FITIEREA R E (1 i P R RE DA 12 MR AR &, B B R E R g . HARAT. i
REVREIE 2. M4 Alsaber Ahmad R [19]%%, i FHEENLARMOT IEEANR A . HEATHER T —1b)E, &
1960~2008 EAE Nk, 2009~2020 £ MR EE

5.1. HIEFRMRIE

TG HENT RS T, W REIEAETAR, SROAHERT R — e, JE TRV R A )
Witk 2 7R e BT DUARSCR FH B 7 R R R th v IR ~P A2 s i sk I

TEF T, BT XS X1 MIAER P E/NT 0.1 (5 WA tHhrdE), BIFEZ RS, 10 A8 & 4L
TE%?%E’J HARABEYIRT 0.1, XFRMRE, EEEZAFRFS, HaRdEFRax 15 LA 7 IR

Al e 2 A5 T RO AE .

Table 1. Stationary test of data
F 1 BIETRMAR

A ADF {# P1E

GDP X1 -1.092 0.718

A GDP X2 -1.044 0.737
W X3 3.152 1.000
WA O X4 2.060 0.999
WEAND X5 -3.166 0.022
e X6 —0.849 0.804
e g X7 -2.208 0.203
= e X8 0.754 0.991
Tk inia X9 0.255 0.975
Je& R YH 2 KT X10 -1.896 0.334
PRBLE T i FEM M TR 2 X11 —4.632 0.000
F E L% X12 1.815 0.998
B sR Y -0.283 0.928

5.2. BARKEME RS

ARSCIE A SR 73 A A0 SBL [BI AR, 5650 148t S B P PR L 0 75 SR T HE o o

e 2, BAVMEGEEHAAT 5 AEbR, 2002 MRS, TWinE. GDP. M A L. A¥
GDP. R Lh E AR BAR TN ) TR NS &, KA AR BN sie i, RIS,
TZCRAS R AR5 o

Table 2. Comprehensive variable screening ranking
=2 RATEFEHR

h HIGRE HIGHHS SBLEM WEfHS  BHA ﬁ(ﬁf%s
GDP X1 0.99 4 0.000 4 8 2
A¥J GDP X2 0.99 3 0.000 7 10 5
WA X3 0.96 6 0.000 9 15 8
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WA O X4 0.96 5 0.000 3 8 2
wHAEANH X5 0.77 8 0.000 11 19 9
ek g X6 -0.83 12 0.000 10 22 12
e X7 0.06 9 0.000 5 14 7
FE=rk g hE X8 0.92 7 0.000 12 19 9
T & X9 1.00 2 0.000 6 8 2
J& R 2 KT X10 -0.07 11 0.000 8 19 9
PREIRR M EENRIES X1 -0.06 10 0.071 2 12 6
P H % X12 1.00 1 0.855 1 2 1

T AR RS PEEMRE, HFAARRRE, &b T RN EBUR

5.3. BAOHEKIMARBIRTEE
AR AR LE iR 77, PRI A A S8l WA 3, T AR, FEAR, MASEAR,

MEARIIH .

Table 3. GWO-SVR & GWO-KELM model parameter explanation
# 3. GWO-SVR & GWO-KELM RIS i f%

ZH GWO-SVR GWO-KELM
REF 20 20
IR RIEAEL 20 20
A A H 2 2
ST [0.01,0.01] [0.01, 0.01]
ZHESR [400, 400] [400, 400]
1% R 3 rbf rbf
BAES R T 190.84 216.97
RAUAZ R R AL 0.01 182.73

LG 3 FIEE 4 TRNEE R : RVM R SVR Tl &S ez, HIKR LS ERAT KELM B8 440
ARIMA #5785 GWO-SVR #E R TR B LA, GWO-KELM 5 A4S SCHE H AR 7R B B i RS %

i UL 25 GWO AL SVR. KELM 5y Tl 24 0 0 35 A0 T AR 48 &R vk AR S st
B, AT DURTHTRIREFE, & T AR 2t A0 P AR PR E R B0

Table 4. Electric power forecast error statistics of different models

F+ 4. NEMRBR DTMIRES T

CEEMDAN-
7AN - -
A ARIMA RVM SVR KELM GWO-SVR  GWO-KELM 0" o
2009 1.79% 91.72% 89.80% 20.48% 0.68% 0.55%
2010 8.90% 91.40% 90.99% 22.11% 1.56% 1.45%
2011 14.83% 87.42% 91.96% 22.41% 0.46% 0.39%
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2012 15.88% 83.02% 92.40% 21.82% 7.39% 1.37% 1.41%
2013 19.40% 79.13% 93.02% 24.36% 12.31% 1.03% 0.99%
2014 21.29% 74.64% 93.46% 25.64% 15.93% 1.73% 1.70%
2015 18.39% 69.49% 93.48% 23.30% 15.22% 2.15% 2.19%
2016 19.65% 66.02% 93.82% 24.90% 19.21% 0.80% 0.88%
2017 22.62% 61.09% 94.26% 26.63% 25.28% 0.13% 0.24%
2018 26.11% 58.28% 94.71% 29.49% 32.60% 1.94% 1.81%
2019 24.34% 55.40% 94.76% 28.33% 35.06% 1.23% 1.38%
2020 24.78% 56.04% 94.96% 30.53% 38.21% 1.39% 1.22%
FHIRE 18.17% 72.80% 93.13% 25.00% 17.74% 1.21% 1.19%

GWO-KELM
GWO-SVR
KELM

SVR
RVM
ARIMA

2014

CEEMDAN-GWO-KELMM 2013

2012

2011

I 2010

2009

Figure 3. Comparison of power prediction results of different models

Bl 3. TRMRBE AFUMEER XL

5.4. FERNFEKFKHAT

2021~2035 FHIANEARIE, SLFRE N 5. MAEEGRE: GDP. AY) GDP. A L. Tl
e AR MRAEIRE AU BURIE) R EARAR(20], A5AEAEAN21]. P22 AR, S
br GDP $EHUE DT LE, %8 Tl KA nsgm, e T4 X GDP (1, LK Tol3ghnfE.

FRYEFLIREF[231%F &K 15 45 A GDP KIF, Bl 2035 45 A\ ¥ GDP i& B &5 Kk H 5 KF His,
TR R ER AN GDP KPR TaiA2Ek, LL 2020 AR NEERE, HIEKRL I 4.5%15,
AR BIAK 15 £ A\ GDP.

S TR BN A5 X0 AN T SR 2 RO 8 A AT [ 24155650 N ES B TN, o AR BN 1

R A A A5 B A5t i ] KT H, g 5 SR KT, A AR vl 3R K, 2030 444 IA B 11.5 12 kW-h,
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IR RN 3.9%, 2035 FKIEF] 13.1 12 kW-h B, FEEIEKERN 2.6%. A K 2020 1) H 77 RAE
92021 FHEES, I K R AR B 2022~2035 AE (R HLIE R . [ T ORE AR TN R, K
TCi Ja — R HE T T SR B AR e AR R 15 S T IS b 75 SR i

Table 5. Electricity demand results in China in 2021~2035
#* 5.2021~2035 FHEB HFRER

EHEE GDP/ZTG A#B GDPIE- N WEAD/AAN  TokEhEAzZT FERESAL kW
2021 1,143,670 78,048 90,526 339,369 75,110
2022 1,234,016 82,419 90,904 358,374 79,241
2023 1,329,896 86,869 91,476 377,726 83,599
2024 1,430,967 91,473 92,050 397,745 88,197
2025 1,539,000 96,139 92,560 418,030 93,048
2026 1,651,341 100,465 95,123 438,932 98,166
2027 1,771,057 104,986 97,757 460,878 101,994
2028 1,896,799 109,711 100,464 483,922 105,972
2029 2,029,571 114,648 103,246 508,118 110,105
2030 2,169,609 119,807 105,376 533,524 114,399
2031 2,319,306 125,198 106,515 560,200 118,861
2032 2,477,018 130,832 107,667 588,210 121,951
2033 2,646,688 136,719 108,831 617,621 125,122
2034 2,824,017 142,872 110,007 648,502 128,375
2035 3,008,983 149,301 111,072 680,927 131,713

Comparison of power demand forecast results of different models
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Figure 4. Forecast results of different models for medium and long-term electricity demand
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Table 6. Error of medium and long-term electricity demand forecast by different models

% 6. FEHERIRH PRI HERTONIRE

R PP AL AR AR RMSE MAE R?
ARIMA 0.0420 0.0356 0.9815
Linear Regression 0.1625 0.1403 0.7629
Bayesian Ridge 0.1351 0.1165 0.8309
Theil Sen Estimate 0.0441 0.0367 0.9808
RANSAV 0.1456 0.1256 0.8059
ARD-Bayes 0.0557 0.0476 0.9689
CEEMDAN-GWO-KELM 0.0274 0.0219 0.9924

gt 4 gk 6, RGN ARIMA fERT AR LA, I H I m 2, HIZFER K. ZrkmIA
(linear regression, LR)~ UlH-$70& [8] )7 (bayesian ridge, BR). FEALIFE— 0P 5% (random sample consensus,
RANSAC)RIE 7 . VI ARD [HH. Z=2/R AR Al H A (Theil-Sen estimator, TSE)y&IM—M. Zi& Ll L
KF, AR BB R IR LF, 4 5/ M RMSE. MAE 18, # KM R,

6. 4518

M 2021~2035 FREHSFTFRIMERKE, “TWUH” K, REBDFRAELED 95,709 12
KW h, §f AP 38K 20N 4.96%, HIEKZEE T [ 2 2035 AR M, H1 75 K ¥ 183 135,052 12 kW-h,
Ja HEP KRN 3.5%, WK FRIKIRIZE T, B 2035 FEFEE 2.52%. HFREH KL, HI6 L
Fhasla), RAZAFERA D SRR R R AR, R NG i (R TR R IS I T, D) SR T I R A AR
BERE T, FRori A N R SR ATE I A, B R E A2 32 IR Ak i [ () %

ASCHRM I TIEFE T A &SR AR IT,  SRI S5 10t IR E SE I ik R . IR
SR E AR R A — T A S R X

E&WE

B 7 A BT 00 H (yjsexx2022-112-189).
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