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Research on Shanghai electricity
demand trend forecast based on Shapley combination model
WANG Tao
(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] In modern society, people cannot live without electricity supply. Stable and reliable electricity supply plays an
important role in economic and social development and helps to improve people’s living standards. As an important economic and
trade center in China, Shanghai’s power demand has been growing at a high speed. For power supply companies, it is necessary to
forecast the power demand of users scientifically in order to meet the power demand of users, stabilize the power supply and help
economic and social development. In this paper, ARIMA model, BP neural network model and Holt exponential smoothing model
are used to model and analyze the power demand data of Shanghai from 1995 to 2017 respectively, and Shapley combination model
method in cooperative countermeasure theory is used to carry out combination modeling. In this paper, the weights of the above three
single prediction methods are solved, the combination model is constructed, and the power demand trend of Shanghai in the next five
years is predicted according to the combination model. According to the results, Shapley combination model has higher prediction
accuracy, the average relative error of prediction is only 2.33%, and the fitting effect is good, which is conducive to the stable
power supply of power supply companies and the promotion of economic and social development.

[ Key words] ARIMA model; BP neural network; Holt exponential smoothing method; Shapley combination model; electricity
demand forecast
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Fig. 1 Shanghai power demand trend curve
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Tab. 1 ADF unit root test results
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Fig. 2 First—order differential sequence autocorrelation graph and

partial autocorrelation graph
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Tab. 2 First-order differential sequence ADF unit root test result
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Fig. 3 Second —order differential sequence autocorrelation graph
and partial autocorrelation graph
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Tab. 3  Second — order differential sequence ADF unit root test

result
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Tab. 4 Comparison table of models parameter

LAY Likelihood AlC BIC
ARIMA(0,1,1) 50.75 -97.50 -95.31
ARIMA(0,2,1) 55.91 -107.82 -105.73
ARIMA(1,2,1) 56.30 -106.60 -103.46
ARIMA(2,2,1) 59.84 ~111.68 -107.50
ARIMA(0,2,2) 56.41 ~106.81 ~103.68
ARIMA(1,2,2) 56.43 -104.86 -100.67
ARIMA(2,2,2) 60.08 -110.15 -104.93
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Tab. 5 ARIMA model prediction results

FApy/ 4 2018 2019 2020 2021 2022
TME/
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Tab. 6 Prediction results of BP neural network model
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1 617.24 1709.48 1 768.06 1 795.53 1 803.72
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Tab. 7 Holt exponential smoothing model prediction results

AR/ A 2018 2019 2020 2021 2022

i,

1568.72 1 612.12 1 655.51 1 698.91 1 742.31
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Tab. 8 Prediction error distribution result

Aa {1y By B3y E{1.2} E{1,3} E{2,3} E{1,2,3}
KrfE 2488529912 27939 2.7399 2.6412 2.8925 2.7579

H4E Shapley 2 & 6 25t 1154 5, AT LI
BHAHA XTI G 1 /) Shapley {H4 .

i=1,2,.,s.  (10)

1 :0!3%2![15{1} “EQA - T
1!3%“[15{1,2} SEAL2 ) 1
1!3%1![15{1,3} -ERL3-{13) 1+
21 x

O [E{1,2,3 - E(1,2,3} - {1}) ] =

31

1 1
X 24885+ x (27399 - 2,991 2) +

1 1
3 x (2.6412 - 2.793 9) + 3 X

(2.7579 - 2.892 5) = 0.717 3, (11)
FH, E, = 1.094 3, E, = 0946 3, 3 k5
Shapley ([HZHIN: E, + E, + E, = 0.717 3 + 1.094 3 +
0.946 3 = 2.757 9, - THIE TR R
A AT (10) , 7T LA AN F 5 2 1Y
WEN o = (03700 0.3016 0.3284), M
Shapley ZH & FUA A .
y, = 0.370 0y, + 0.301 6y,, + 0.328 4y,. (12)
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Tab. 9 Shanghai electric power demand fitting results based on Shapley combined model

B TR

B — IR XTR 22/ % Shapley 41 A8

AEA R R ARIMA BP #fiZ: Holt $84% ARIMA BP #fiZ: Holt $84% AHXF
1ZT /N ) " Bo
F5i78 ) 2% AR F5i7 ) 2% gAY R22/ %
1998 482.94 482.45 489.39 480.85 0.10 1.33 0.43 484.01 0.22
1999 501.20 511.59 517.07 509.37 2.07 3.17 1.63 512.51 2.26
2000 559.45 528.31 534.29 526.59 5.57 4.50 5.87 529.55 5.34
2001 592.98 604.30 618.19 589.06 1.91 4.25 0.66 603.48 1.77
2002 645.71 628.61 650.88 628.28 2.65 0.80 2.70 635.22 1.63
2003 745.97 721.87 749.70 684.51 3.23 0.50 8.24 717.99 3.75
2004 821.44 804.21 924.66 797.66 2.10 12.57 2.89 838.39 2.06
2005 921.97 939.65 922.56 886.51 1.92 0.06 3.85 917.04 0.53
2006 990.15 1 027.46 989.60 996.58 3.77 0.06 0.65 1 005.90 1.59
2007 1072.38 1075.95 1 .046.43 1069.13 0.33 2.42 0.30 1 064.81 0.71
2008 1138.22 1 182.55 1 135.58 1 150.91 3.89 0.23 1.12 1 157.99 1.74
2009 1 153.38 1 191.94 1 157.10 1215.14 3.34 0.32 5.35 1 189.05 3.09
2010 1295.87 1225.35 1080.15 1218.08 5.44 16.65 6.00 1179.17 9.01
2011 1.339.62 1 380.83 1339.19 1 364.04 3.08 0.03 1.82 1362.76 1.73
2012 1 353.40 1 394.94 1 342.44 1 415.66 3.07 0.81 4.60 1 385.91 2.40
2013 1 410.60 1 458.60 1329.89 1 415.34 3.40 5.72 0.34 1 405.57 0.36
2014 1 369.03 1392.79 1 405.12 1 462.21 1.74 2.64 6.81 1 419.31 3.67
2015 1 405.55 1 405.34 1 410.54 1 404.41 0.02 0.36 0.08 1 406.60 0.07
2016 1 486.02 1411.97 1 444.84 1 426.84 4.98 2.77 3.98 1 426.77 3.99
2017 1526.77 1517.62 1516.95 1517.32 0.60 0.64 0.62 1517.32 0.62
MAPE - - - 2.49 2.99 2.79 - 2.33

MG 9 B 0y 4 B b3 5 WAL, R
Shapley ZH 155 7Y 3 0 72 32 5545 21 19 1998 ~ 2017 4
VT EL T T SRR T A R A ST B A R 2
(MAPE) 4 2.33% ,J& THe/I, LA, AT LA 2 T
Shapley ZH #3878 7 I v 45 21 1) F00 45 S LA
() FIIHRG B, P05 B8R B A T , AR B — B N o 4%
HAERL

TERCEERE b 4U%F 2018 ~ 2022 4E FLAE P b
H s SR AT A0, B SR A LR PR T
TN, SR J5 AR B Shapley 2H & 45 A T v | Bk T 45 H
— T A AR AT A AR, iR B A
TINAE AR LR 10,

% 10 Shapley AAERIFN LR
Tab. 10 Shapley combined model prediction results /{2 FL/)NAi}

ARIMA #5# BP 14 Holt $8%
. Shapley A

Ay baxiin EEZ ¥ N PR i) -

FOT I A5 7R

(@, =0.3700) (w, = 0.301 6) (w; = 0.328 4)

2018 1 602.94 1617.24 1 568.72 1 596.01
2019 1 670.21 1 709.48 1612.12 1 662.97
2020 1 730.10 1 768.06 1 655.51 1 717.05
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