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Abstract

With the rapid growth of China’s economy, people’s demand for energy is also gradually increas-
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ing. Electric energy is the essential energy of life; its sufficient and stable supply determines the
operation of the social economy. When the power supply demand cannot be timely met in the face
of emergencies, the forecast of electricity consumption has become a meaningful way to prepare
for that. This paper establishes a new GM-ABP model based on GM (1,1) model and BP neural
network. We use the GM-ABP model to predict the total annual electricity consumption in Sichuan
Province, China. The model proposed in this paper is modified based on the GM (1,1) model, and
the residual is fitted by BP neural network optimized by the Adam algorithm. The prediction re-
sults show that the prediction accuracy of the GM-ABP model is better than that of the GM (1,1)
model and Adam-BP neural network model, and the prediction accuracy is greatly improved. Fi-
nally, the GM-ABP model is used to predict the total electricity consumption of Sichuan Province in
2021~2023.

Keywords

Electricity Consumption, GM(1,1) Model, BP Neural Network, Adam Optimization Algorithm

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

REVR AL 28 0% R (R AE [ 1] o TGS T B Y5 e R P F0000 D0 i |51 5K e SRR Y Rk Fl T FRL R PR
REVRELA = ARG e 8 [m I AT A A A IR A0, 0T H D R SR IS T st A5 0N R . A 2022
A, o YA R L i R R B R AR, K AR R R T, DY) U
RIS, R A, A LER R, (REE T AR B HBTER HIrT W, 5T REIR 7 Rk 17
AT DULR B AT A TG AL 2 IE RV 3, A 20 s K BR BRI IS AT AR, (RIS FAig T, st
SATFME[2] [3] [4]-

TV KRB FORT L BEIRAH O Il R AT S ASE TN 5] [6] [7] [8]. @EASETRIN 7532 ml LAKE Sy DY 2K
Guit ik NLREREE . KEORGTEIRET7E[9]. FittJ7i2:451in Chu [10]1 Patricia Ramos [11]
I3 BRI ARMA AT ARIMA 757 BEAT TR 58 . Carolina [12]38 i3 % H /1 55 SR #0205 L T VAR Al
IMLP Ji%flt %5 . Takeda [13])F]F Kalman filter (KF)3E4T B 7 6 A A TR 2347 o 4B L3R 5 ik A A B
[ ()55 50, R BEZE H BT T P9 25 () AR 2R M AR I DA S B R AR A B TIMEL [ 14 AHELECT , IRFES: 2]
J7 1) R AFE 72 o] LASRAS B 753 A 2 5 HARAT S AF i T i 1 [15] . Rk, VF 20 AR T IR % 2T 1
T AT 0 43 A

TEARZ VAR JE 52 2] R E (W TN 70, Fh 8 I 26 0 A s P RN B B B (1) 7982 — o L [16]7ERFF 7T Hp 2
F Artificial Neural Network 2237 7 Tl 2 DLt town of Palermo )& B B E TR BTN . & fHE
D265 (1) e, BP 1250 I 28 B3k DA L Ae e P A 42 M I B8 0T R 1 36 IV g 77 DA % 45 ) 7 P S5 A0 34 02 T 1 R it
FHIE ST . MAE BP A4 ML A T B S i 7 N AR A% O, AP AR AL BT LD Sd b 42
o9 28 8 1) 5 /M I EL T LAAT 08 G s N SR 38 B /IME S5 ) f. Clinar 25 N [L7) 37 % F0IIASE 2 DLs A% S vk
(GA)HE 1) BP #2245 g dikhity, T3 #fr 1 L HHRSR I BRI S5 M o 76 FIRB SR 56T 1, Wu 55 A [18]
GEE T BUEBLE(GA)VILER K B (SA) AT T GASA-BP TR AL, ML T-15 G0 BP #1248 [0 48 1 44 23204
HEPR A I 28T 5, GASA-BP TERBLEARIRECE D (a4 N BHA /MR %, I HIZTH WA KRR
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ko Uzlu [19141 Cinar [2012R F AR AR AL 52 (GWO) 43 73 5 L 2 A A HE st B At X XGR HEA T T, L 22
S FAHEL TAL 58 BP #h & 28 39 B K42 . Li et al. [2]F] R 7 BE(PSO) EvE UL 48 BP M M 2%, 12
BT —Fof S0 AL S 2 5 A IR ) R IR Y

BT R PAR TN AN, KRGS R R e A —, HEATEE R RGN
oy M7 A DU . K6 R G — PR L (R E AR L R 77 vk [21] o B 02D B4, K
RG] LU IR A0 R G IAFAE[22] F 7 75 SR 00 b mT DA — N A £ e 8, TR R ER 7 T8 RE 52 22 5 THI
FZEwm, HAMESREMEIRE . Hoh, TR ERXFERENER, Tl KRR, $dRicsn)
ME4E, AR IEE SR K ARG GML )AL i BE T 7 404 . Ding %5 A[23]4E GM(1,1)
BIFEAN FEAT OO, TERIGE AR I T BN IR R . AR “ORrE B B, RILVH LS
GM(L, 1) R 70 B 4 (R P o T 7 i b o oD A R b P P B3R 47 7 790 . Guefano 25 A [241%H T 8
— PR, A VARQ)BARIZ IE GM(L 1B, 4 R B 347 RT3 LR D B aliffi H GM(1,1) 15
BRI 2 o BN T GM(L,1)-VAR(L) IS FE TR T W6 27 e J IR 1) FH FiL i . Du 55 A [25] B 72 2 T
ZN AR E R GM(Ln)IEAY, R R B SR N 2K 8 R G A 34T AL 3 DA R %A, OF
HAF K G CHAHEPif e N AR AN e T 7 BV LR RSk UAE R e, Rt T A K
REVRE BRIV BRI . Xu 55 N [26]32 1 1 —Fh BA B LI )i B ek R A GM(L )RR, Y Rets
X R EEAT R . Wu SEA[2718 S N THE AR B2 — 4 T —Fh 2 B E K G TR %R0 4y
K B0 GMC(L, L) BERL AT T H04k, BT 7+ [ L 4R 48 1 FH s i

AHAECT R T B 78 {5 FH 0 D732 AN 8] R Tt 75 R AR 45 G A fif PR LUK 5 1) RN 55 A7 28« Hu [28]
PEH T BT B ME FIE MR ZE GM(L )R, DLrb [ AR I8 75 SR 0 A SR A0 UF BB AR T HoAth GM(1,1) 1554
k. Hsu S8 N[29]456 T GM(L )M TARE L3R H T —Fhuli i GM(L)BAL . 1B 8 S5 s HiE i
TR ZEHAE 7 HIEESL T GM(L L) TRINBEAL, SR 5 I 25 N TP E 2 LA 2 ik 22 TRINMEL M #F5 . Zhu 25 A [30]
(RYFE A% AN [ B [ R 5 EAT DA AU 3, AR EEEE GM(L 1) TR i S L n ok, FF Bl AN kLT
FEEE(PSO) LA 2 AN ZREUANAH RN (] o 7 3545 42 tH ¥ SFOGM(L, 1) B 28 5 o M Pl AR AL i3k A7 5 22 LU AR
SERBRT OARDE, BS5TT R EVLHE 2020 FHH EE.

AL B ARG —FPHT TSR, DATRI b E DY )11 F e e . TN ALYE GM(L,1) T
R P LAty bR FH 502 (1) BP 43128 I 25 0] Bk 72 08 43 EAT #h 78, AR GM-ABP #5844 . GM(L, 1) B AL f—
AR — i R R FOEAX “DEdE, RERE” MIRGHEIEIEIT N, BrLAIRATE GM(1,1)
BEAY T 5 B0 R 58— 20 . TR BOHE 5 B S (AT s, B 2230 40 U B N T 28 X 4 330 AT 1 5
FEXT FAE G2 L% (s T T, AR T Adam Sk TEo, BEE> 7N T2 4 BN R B
AMERI I, BRI . GM-ABP BRI 7 GM(L, )RR A /NEEA IO A& I 1, S
FIF T N ARG W 28505 T e LR M RR M () 5RE DV o B 2 FRA TR GM-ABP #5228 F -1 F 0w [ 9 1148 1) L 7
HFEREL, DAY AR MR TIO  A b Er E

AL TR R : B3 HRATENA GMQ LR, %45 BP #iZ WM BIALAT Adam AL E %,
= RATE A AIRA I HEN GM-ABP B2, FRATTRIH GM-ABP A% A [ PU 1148 G it J& 45 H )
Gt SRR R R B AT IO, R ST AP R ERL R TN 4 R A LU, IX R AE B DU 4R
a1, BRATEH T AL R DL — S BUR W, I B 1E T R 577 1

2. MZHIR
2.1. GM(1, 1)
GM 1) B B A P fRtE A/, o2 I8 s 0 A i, PO B e i, IRy it e 7
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GM(L, )RR AT LA )32 N A0k . GM(L, 1) RS R (y it 8] P 1 B0 2 T i se &5 8, Ry
T3 FEAAALSU A BF 6] 7 4 () Bh A IS AR, AR5 0T B[] B E AT HE 5 5k BTN H 1. FHRAU & 1 1) 5 41
(R AL — Iy 7 R, RN GM(L, )R [31] . AR AL R T
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Sofr RO, B0 o+ L 2T
2.2. BP #HZRLE

BP (back propagation) £ ¥ 4 & — Fh 4% HE 15 22 10 A& RE SRR SR 2 2 i s 2 N 2%, & N )™
ZIMEMEET Y —, BP HEM 4 = 2N, RiZEME L E, BAgmunE 1R,
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Figure 1. The structure of BP neural network
B 1. BP #EM %L 1aE

BP HUAGAHE 5 I LSRR AR Z 1 S AR PN IR . IR ARRE, f A5 =il FEosU= 1F T
Bl NP HAS R IR T, e IR AR R . SR AR RR IR R A R 22 S e A e
Rz, HORIRZE AL E g BT R BLR T RS IR ZE S SR BEBCE A fcH - il R R 2251,
FEARZZIRBE LT 80 N B, AL TR RZ N i/ MR VGBS R 2 2B RI45 R . /£ BP MM e f
Forf, BN CEL TR, GIAE R 1 PR, AN

w99
W =W, 778Wi (6)
Hrp MR, 5 NRZERE. 145 BP M4 & 2% n & — N NN B e FME, Xt S8k 2T
REAERRAE AR B , FEERATIESL . BT 7 ZE B —FhEh 25 071250 22 S B TIE IR . %2
KR BINE LB T T B0 T7 1) SR, 3 1027 20 20T DAARAL B B AR I D IR E, el B N = 8
BAMERTEN . ASCHKH T Adam TLALER AT BP 22 4 2% BB B2 B AT 04K o

2.3. Adam L EE

Adam EALSE L T RMSprop fLAb A S R i it AL 592 [32] [33]. Adam fEALSTIE L
i a E A E AT A ON:

T v, (7)

W, = ——
© = Ty
IS +&

HAVy =AYy + (1= B) AW 5 Sy = By + (1= 5y) AWy - AW o Vo AEEINBUE BT I ¢ I of
B, S RAREOMBUE )T JE ALK T ITA, e Re—MEL, Bk RN 0. B B, RPN
SHAHTHREUNE 371 .

Adam i 77 T AL SEHTHEAT T — AN EVAR AR, 454 I e HR A IEAS R 4E R
M5y, WeNFBORG TR, N5 R E AR . KRR AT DML T e AR, SR FIA
WA AL 53 —J7TH, Adam FVEH454G T RMSprop 5%, I 3 st 80 o 2% 3] A S B EDE R a5
SEHAR B ORI, B4 5] SN R A
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3. ¥ GM-ABP {&&

TR A TS AR RT AR ANG 58 28 G0 AR 2 1 /NSt B A S b AT T 5 Bt R A AR I, K
O ERZES SR A KRBT Z K TG (R AT IR MR . N T AR 4 BLAT 5K 1 27
2IREST, TR ST TT AT L R ARG Bl o (A0SR N A 22 90 2% 5 4 AR € T the 2 A il .
PRAEHE AN TP 28 T AL BE, 15 ) 3 BN Rt 2 I 4 25, B SRR, R AE
WU T34k, B N A e W 4 AT TN 10 s B AR Y EL SR B AR A TR e,
HL DT A TN 1) A & P T B N A 22 f 2 o 1 DL b R DA SO Y 1 A PN DA 22 R 28 SR A N iR
FEAB IEASAUE TE IR CL TN 25 5] GM-ABP 1%L, GM-ABP BALEIRANE 2 iR,
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Figure 2. The structure of GM-ABP model
2. GM-ABP &2
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ez = 5§ + X, k=(23-n), §=05.

Step3 ALK TR GM(L 1) B A ETE AN X(°)+az(k) =b, MK AL TR

dx @

dt

Step4: FHRE. PN FIETEKSE a F b,
Step5: fHHAKETMLE R, THEITHEH

+ax¥ =p (10)

a, k=12n (11)

1
k

B L0 E), [T
Step6: HFIF LA, [ A ER S TSR 2 002 RS . BN

0 0 0
- 2

Step7: YIZR N THZML . A55RZEFFHINE NN, KI5 2 150 & & 1’Ejﬁmwné§ Adam FIE AR
BP #Z /%% . SRJGHE AT k WIAR ZE N NN BP 2%, ﬁtﬁﬂﬁfmjtﬂ e<§11) RS2 Kk +1 A 0 T 3%
=,

Step8: 19F|HATNME . A TMAEN:

Egny = Efery +8ny (13)

4. M)|&ERBEETMN
4.1. GM-ABP #5250

PTAIGeT 7 2005 5 2021 FHE DY )E G R KA IS H4ELE, K 2010 45 2020 5 H HAdE 3E

THHT. FZilid GM-ABP #E A% [E U )14 2021 4E & 2023 4E [ FH B & T il . 2010~2020 4EH [
VU148 F LB 1 s

Table 1. Electricity consumption in Sichuan Province (100 million kwWh)
= 1. )14 F s & (100 million kwWh)

F L A ELER F FHHLE A =R
2005 1018.76 2010 1549.03 2015 2013.4 2020 2880.2
2006 1059.44 2011 1962.5 2016 2101

2007 11775 2012 2009.6 2017 2205.2

2008 1235.78 2013 1984.6 2018 2459.5

2009 1361.87 2014 2055.2 2019 2635.8

IR AR N GM-ABP 5228, Ji it 2 K (8)FI A (9) 77l 132 1-AGO JFHIFIEARIIE T A, sk
FSARBME 5. {1548.48, 2666.95, 3873.59, 5172.415, 6627.865, 8383.63, 10369.68, 12366.78,
14386.68, 16420.98, 18478.18, 20631.28, 22963.63, 25511.28, 28269.28}. FF|H &/ —Feikit HiG
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FIA1L T FEI K S a = —0.044353, b =1701.793968. FIH AR (10)iH5 A AL Rk 2 s, HFH
I )0 R] LA tH 2021~2023 4 F L& 1K TE 43 1) 4 3002.08, 3188.32, 3386.10 (100 million kwh),
S B TRENME AR e T 45 TR, SE T 2 BP M4 I 4 5 AT 1R A I

Table 2. Fitted electricity consumption of the GM(1,1) model (100 million kWh)
2 2. GM(1,1)#= B B3 & FA BB, 2 (100 million kWh)

Fy JH L F P H B F P HL B F P H B
2005 1018.76 2010 1548.44 2015 2092.13 2020 2826.73
2006 1217.14 2011 1644.50 2016 2221.92
2007 1292.64 2012 1746.52 2017 2359.76
2008 1372.83 2013 1854.86 2018 2506.14
2009 1458.00 2014 1969.93 2019 2661.61

W AR ERZEFS, HAERN BP #HE M I . GM-ABP A5 A [ A T4 22 4 25 3 73K F W
Btz 1) BP #Z& M 4%, DL 6 FMEERIE R, T~ — 08 . R U8 1 J5L R 2 3L
Rl 2 T LR AT R FE I SR 5, T USE B (Y S AR 2R M4 . 7EX) 2022 4 R0 2023 45 FLE (1 T
M FREA, FRAT15 B BLTY 45 H 1) 2021 471 2022 4F [ FUE/E NN B, F5i8id GM-ABP 18145 H i
AT . 2 TNI1S 3 2021~2023 4 H HLA & 737 4. 3245.55, 3328.90, 3475.96 (100 million kWh).

4.2. REIMMEG RS

A GM-ABP J5T GM(1,1) 1A F1 Adam-BP 14128 X 25 BT 1) 45 2, DR IH FRAT DR 3 793 A A5 1) il &35
5 GM-ABP A 25 AR Lh s, DAIGAEASE Y AE B A3 000 75 T PO HERfA M - GM-ABP A (U0 & B 4% dn 4]
3 . SRR T E P 1145 2012~2020 4F A H S T S a0 14 4 BT o

—&— Actual electricity consumption 7
2750 - GM-ABP froecast value /

3%

W

(=3

(=}
1

2250 A

2000 i

1750

1500

Electricity Consumption(100 million kwh)

1250 1
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Figure 3. The fitting diagram of the GM-ABP model
[# 3. GM-ABP 1Rl & &
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Figure 4. The fitting comparison of GM(1,1), BPNN, and GM-ABP model
& 4. GM(1,1). BPNN. GM-ABP #l&LL%R

FATR A P57 2 (MAE), -3 485%) | 4 tLiR 2 (MAPE), ¥ 771% 2(MSE), 15 1% % (RMSE),
%%%ﬁmﬁﬂ%&%ﬁﬁﬁGM%B%@@%%W%E%%@%Dﬁfugﬂﬁiéﬁﬁmﬁﬁ,fug

NEE T ANEHRTRIME, n ovEdERE. FOARZESIERTHE AR

" 10 ~
MAE(f(xi),f(xi)):Hz F(x)-f(x) (14)
i=1
: 13 f(Xi)_f(Xi)
MAPE( f(x ), f(x))=| =) | ———= |*100% 15
(f(x).f(x)) [ng TCT (15)
~ ]_ n A 2
MSE(f(Xi),f(x.))=;Z(f(xi)—f(X.)) (16)
i=1
~ 10 ~ 2
RMSE(f(xi),f(x,)):\/HZ(f(xl)—f(xi)) (17)
i=1
n ~ 2
2 zl(f(xi)_f(x,))
RZ . =1-L (18)
(f0a)f(x)) n — 2
>(f(x)-T(x)
=R R ZE R I 3 PR
Table 3. Error representation of the three models
3. ZHMERIRIRERM
LAY MAE MAPE (%) MSE RMSE R?
GM-ABP 46.85 0.02 5189.16 72.04 0.94
GM(1,1) 106.47 0.05 15969.40 126.37 0.83
BPNN 151.63 0.07 35698.19 188.94 0.62
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WRYE_ER TR, GM-ABP fAI7E MSE, RMSE, MAE, MAPE ¥#E /5 Hi¥I0L T A 4Rl . 5 4k
GM-ABP #74 R* ${E 1A ] 0.944 Wi R BRI SRR FE R T, FLA T Al v i v i O ) B 77 7 R
TS H, N THZEMLET GM(LL)BA AN R ORI, 3T =R ZE P> 1 36.71%, I Hig
& 7 GM(L )BT 3L G FEEE . GM-ABP BLAY (1) MSE {EAHEL T Adam-BPNN #8425 | 85.46%.
Fhh, BATEI GM(L,1)FHH T Adam-BPNN #5284 55 F -t 4 TR A, 15 BHSRATIAH GM(1, 1)1 8 it
AT TN IN L BPNN MEIE R IE#A . 25 Bk, GM-ABP A7 A H & F500 o) @ AT GM(1,1)
P AN Adam-BPNN A7, FL7E F 45 1 A 1R AP AR

5. ARG SBEREN
5.1. fiREiL

ARLFETF GM(L1)EERLF BP #2828 37 181 GM-ABP B84 . FRATTH GM-ABP #54 F - [ Y
NG 4 B R BTN, F 51548 GM(L,1) B AL Adam-BP #P28 IR Z A6 R HEAT 1 LA, IEB 1 i A
PR . ARSCHE H AR RLAE GM(L, L) SR g Al DB IE, R Adam BIEDLAGIT) BP #1128 W25 % ik 22
BATHLA - 4551 Won GM-ABP 18 (TR 48T GM(L,1) 1884 F1 Adam-BP #1128 I 45 4570, H T A
FERBORIET. i mifid GM-ABP BLAYZS 1 DY 1144 2021~2023 4 H HLA & A TR «

5.2. BISREW

B E 2 AW A, RO SR B H R . DY H ETRTA 8RR T K
W, KRR LR O 28 HE . 2021 45, U )1145 4= 4F & HEL & 4530.33 (100 million kWh), H:r/h7K B 3531 (100 million
kWh), 5 EEIA 77.95%. 2022 4, DY 4S5 PR 2 D ey il oR U B0 SRR, K B AR T B L
XoF T FH eRER AR AT TO0I R o] LA F P e e R S R A e, BRI . AN BB K ER
Z /> H AR KR R HRE JT, DRI T XS /K ST I e AN R 2D o T BT A7 (O T 9 102 AR B P P
FRE M —J7 T

5.3. RFKMARAE

AR ) GM-ABP AR TT DUAR G-l fif o FH S 0000 By i R, E A AR —SE R RIIR P ol 52
MHERRRAMRS, RO iR R TR R RAAR R KR S E R . Uk, fEARKAT LA
R LSRN ZRIE R NS BEAT AL, ISR A F o

SE K

[1] Pao, H.T. (2009) Forecast of Electricity Consumption and Economic Growth in Taiwan by State Space Modeling. Energy,
34, 1779-1791. https://doi.org/10.1016/j.energy.2009.07.046

[2] Li, X, Wang, Y., Ma, G., Chen, X., Fan, J. and Yang, B. (2022) Prediction of Electricity Consumption during Epi-
demic Period Based on Improved Particle Swarm Optimization Algorithm. Energy Reports, 8, 437-446.
https://doi.org/10.1016/j.eqyr.2022.05.088

[3] Ghalehkhondabi, I., Ardjmand, E., Weckman, G.R. and Young, W.A. (2017) An Overview of Energy Demand Fore-
casting Methods Published in 2005-2015. Energy Systems, 8, 411-447. https://doi.org/10.1007/s12667-016-0203-y

[4] An, N., Zhao, W., Wang, J., Shang, D. and Zhao, E. (2013) Using Multi-Output Feed forward Neural Network with
Empirical Mode Decomposition Based Signal Filtering for Electricity Demand Forecasting. Energy, 49, 279-288.
https://doi.org/10.1016/j.energy.2012.10.035

[5] Hernandez, L., Baladron, C., Aguiar, J.M., Carro, B., Sanchez-Esguevillas, A.J., Lloret, J. and Massana, J. (2014) A
Survey on Electric Power Demand Forecasting: Future Trends in Smart Grids, Microgrids and Smart Buildings. IEEE
Communications Surveys and Tutorials, 16, 1460-1495. https://doi.org/10.1109/SURV.2014.032014.00094

[6] Lopez-Martin, M., Sanchez-Esguevillas, A., Hernandez-Callejo, L., Arribas, J.I. and Carro, B. (2021) Novel Data-Driven

DOI: 10.12677/aam.2023.125214 2110 I3RS


https://doi.org/10.12677/aam.2023.125214
https://doi.org/10.1016/j.energy.2009.07.046
https://doi.org/10.1016/j.egyr.2022.05.088
https://doi.org/10.1007/s12667-016-0203-y
https://doi.org/10.1016/j.energy.2012.10.035
https://doi.org/10.1109/SURV.2014.032014.00094

SRR, FRE

(71

(8]

[9]
[10]

[11]

[12]
[13]

[14]

[15]

[16]
[17]

[18]

[19]

[20]

[21]
[22]
[23]

[24]

[25]

[26]

[27]

[28]

Models Applied to Short-Term Electric Load Forecasting. Applied Sciences (Switzerland), 11, Article No. 5708.
https://doi.org/10.3390/app11125708

Lopez-martin, M., Sanchez-esguevillas, A., Hernandez-callejo, L., Arribas, J.I. and Carro, B. (2021) Additive Ensem-
ble Neural Network with Constrained Weighted Quantile Loss for Probabilistic Electric-Load Forecasting. Sensors, 21,
Atrticle No. 2979. https://doi.org/10.3390/s21092979

Mariano-Hernandez, D., Hernandez-Callejo, L., Solis, M., Zorita-Lamadrid, A., Duque-Perez, O., Gonzalez-Morales, L.
and Santos-Garcia, F. (2021) A Data-Driven Forecasting Strategy to Predict Continuous Hourly Energy Demand in Smart
Buildings. Applied Sciences (Switzerland), 11, Article No. 7886. https://doi.org/10.3390/app11177886

Lei, M., Shiyan, L., Chuanwen, J., Hongling, L. and Yan, Z. (2009) A Review on the Forecasting of Wind Speed and
Generated Power. Renewable and Sustainable Energy Reviews, 13, 915-920. https://doi.org/10.1016/j.rser.2008.02.002

Chu, F.L. (2009) Forecasting Tourism Demand with ARMA-Based Methods. Tourism Management, 30, 740-751.
https://doi.org/10.1016/j.tourman.2008.10.016

Ramos, P., Santos, N. and Rebelo, R. (2015) Performance of State Space and ARIMA Models for Consumer Retail
Sales Forecasting. Robotics and Computer-Integrated Manufacturing, 34, 151-163.
https://doi.org/10.1016/j.rcim.2014.12.015

Garcia-Ascanio, C. and Maté, C. (2010) Electric Power Demand Forecasting Using Interval Time Series: A Compari-
son between VAR and iMLP. Energy Policy, 38, 715-725. https://doi.org/10.1016/j.enpol.2009.10.007

Takeda, H., Tamura, Y. and Sato, S. (2016) Using the Ensemble Kalman Filter for Electricity Load Forecasting and
Analysis. Energy, 104, 184-198. https://doi.org/10.1016/j.energy.2016.03.070

Chan, S.C., Tsui, K.M., Wu, H.C., Hou, Y., Wu, Y.C. and Wu, F.F. (2012) Load/Price Forecasting and Managing De-
mand Response for Smart Grids: Methodologies and Challenges. IEEE Signal Processing Magazine, 29, 68-85.

https://doi.org/10.1109/MSP.2012.2186531

Lago, J., de Ridder, F. and de Schutter, B. (2018) Forecasting Spot Electricity Prices: Deep Learning Approaches and
Empirical Comparison of Traditional Algorithms. Applied Energy, 221, 386-405.
https://doi.org/10.1016/j.apenergy.2018.02.069

Li, R.X. (2012) Design and Realization of 3-DOF Welding Manipulator Control System Based on Motion Controller.
Energy Procedia, 14, 931-936. https://doi.org/10.1016/j.egypro.2011.12.1163

Cinar, D., Kayakutlu, G. and Daim, T. (2010) Development of Future Energy Scenarios with Intelligent Algorithms:
Case of Hydro in Turkey. Energy, 35, 1724-1729. https://doi.org/10.1016/j.energy.2009.12.025

Wu, Y., Gao, R. and Yang, J. (2020) Prediction of Coal and Gas Outburst: A Method Based on the BP Neural Network
Optimized by GASA. Process Safety and Environmental Protection, 133, 64-72.
https://doi.org/10.1016/j.psep.2019.10.002

Uzlu, E. (2021) Estimates of Greenhouse Gas Emission in Turkey with Grey Wolf Optimizer Algorithm-Optimized
Artificial Neural Networks. Neural Computing and Applications, 33, 13567-13585.
https://doi.org/10.1007/s00521-021-05980-1

Cinar, A.C. and Natarajan, N. (2022) An Artificial Neural Network Optimized by Grey Wolf Optimizer for Prediction
of Hourly Wind Speed in Tamil Nadu, India. Intelligent Systems with Applications, 16, Article 1D: 200138.
https://doi.org/10.1016/j.iswa.2022.200138

Deng, J.L. (1989) Introduction Grey System Theory. Journal of Grey System, 1, 191-243.
Deng, J.L. (1989) Introduction to Grey System Theory. The Journal of Grey System, 1, 1e24.

Ding, S., Hipel, K.W. and Dang, Y.G. (2018) Forecasting China’s Electricity Consumption Using a New Grey Predic-
tion Model. Energy, 149, 314-328. https://doi.org/10.1016/j.energy.2018.01.169

Guefano, S., Tamba, J.G., Azong, T.E.W. and Monkam, L. (2021) Forecast of Electricity Consumption in the Came-
roonian Residential Sector by Grey and Vector Autoregressive Models. Energy, 214, Article ID: 118791.
https://doi.org/10.1016/j.energy.2020.118791

Du, X., Wu, D. and Yan, Y. (2023) Prediction of Electricity Consumption Based on GM(1,Nr) Model in Jiangsu Prov-
ince, China. Energy, 262, Article ID: 125439. https://doi.org/10.1016/j.energy.2022.125439

Xu, N., Dang, Y. and Gong, Y. (2017) Novel Grey Prediction Model with Nonlinear Optimized Time Response Me-
thod for Forecasting of Electricity Consumption in China. Energy, 118, 473-480.
https://doi.org/10.1016/j.energy.2016.10.003

Wu, L., Gao, X., Xiao, Y., Yang, Y. and Chen, X. (2018) Using a Novel Multi-Variable Grey Model to Forecast the
Electricity Consumption of Shandong Province in China. Energy, 157, 327-335.
https://doi.org/10.1016/j.energy.2018.05.147

Hu, Y.C. (2017) A Genetic-Algorithm-Based Remnant Grey Prediction Model for Energy Demand Forecasting. PLOS

DOI: 10.12677/aam.2023.125214 2111 I3RS


https://doi.org/10.12677/aam.2023.125214
https://doi.org/10.3390/app11125708
https://doi.org/10.3390/s21092979
https://doi.org/10.3390/app11177886
https://doi.org/10.1016/j.rser.2008.02.002
https://doi.org/10.1016/j.tourman.2008.10.016
https://doi.org/10.1016/j.rcim.2014.12.015
https://doi.org/10.1016/j.enpol.2009.10.007
https://doi.org/10.1016/j.energy.2016.03.070
https://doi.org/10.1109/MSP.2012.2186531
https://doi.org/10.1016/j.apenergy.2018.02.069
https://doi.org/10.1016/j.egypro.2011.12.1163
https://doi.org/10.1016/j.energy.2009.12.025
https://doi.org/10.1016/j.psep.2019.10.002
https://doi.org/10.1007/s00521-021-05980-1
https://doi.org/10.1016/j.iswa.2022.200138
https://doi.org/10.1016/j.energy.2018.01.169
https://doi.org/10.1016/j.energy.2020.118791
https://doi.org/10.1016/j.energy.2022.125439
https://doi.org/10.1016/j.energy.2016.10.003
https://doi.org/10.1016/j.energy.2018.05.147

FRISER, BR5

[29]

[30]

[31]

[32]
[33]

ONE, 12, e0185478. https://doi.org/10.1371/journal.pone.0185478

Hsu, C.C. and Chen, C.Y. (2003) Applications of improved Grey Prediction Model for Power Demand Forecasting.
Energy Conversion and Management, 44, 2241-2249. https://doi.org/10.1016/S0196-8904(02)00248-0

Zhu, X., Dang, Y. and Ding, S. (2020) Using a Self-Adaptive Grey Fractional Weighted Model to Forecast Jiang-
su’s Electricity Consumption in China. Energy, 190, Article ID: 116417. https://doi.org/10.1016/j.energy.2019.116417

Liu, H. and Zhang, D.L. (2012) Analysis and Prediction of Hazard Risks Caused by Tropical Cyclones in Southern
China with Fuzzy Mathematical and Grey Models. Applied Mathematical Modelling, 36, 626-637.
https://doi.org/10.1016/j.apm.2011.07.024

Kingma, D.P. and Ba, J. (2014) Adam: A Method for Stochastic Optimization.
2019 Third International Conference on Inventive Systems and Control (ICISC) (n.d.) IEEE.

DOI: 10.12677/aam.2023.125214 2112 I3RS


https://doi.org/10.12677/aam.2023.125214
https://doi.org/10.1371/journal.pone.0185478
https://doi.org/10.1016/S0196-8904(02)00248-0
https://doi.org/10.1016/j.energy.2019.116417
https://doi.org/10.1016/j.apm.2011.07.024

	基于GM(1,1)模型和BP神经网络的四川省用电量预测
	摘  要
	关键词
	Production of Electricity Consumption Based on GM(1,1) and BP Neural Networkin Sichuan Province, China
	Abstract
	Keywords
	1. 引言
	2. 预备知识
	2.1. GM(1,1)模型
	2.2. BP神经网络
	2.3. Adam优化算法

	3. 构建GM-ABP模型
	4. 四川省用电量预测
	4.1. GM-ABP模型预测
	4.2. 模型预测结果分析

	5. 研究结论与政策建议
	5.1. 研究结论
	5.2. 政策建议
	5.3. 未来研究方向

	参考文献

