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Fig. 1  Chart of related factor
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Fig. 2 Economic factors and electricity consumption
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Tab. 2  Temperature and electricity consumption

Usage max min ave

Usage Pearson #i %tt 1 423 458 451
2% cuam 000 000 000
Yrsxemm 2.204E+17 | 53757916359 | 53911555449 | 53834735904
W% 2896E+14 | 67876157.02 | 6807014577 | 6797315139
N 793 793 793 793

max Pearson M X% 423 1 903 977
2% cum .000 .000 .000
¥ emm 53757916359 70525.306 58043130 84734.218
W% 67876157.02 89.047 74423 81.735
N 793 793 793 793

min Pearson %4t 458 903 1 974
2% cam 000 000 000
Toraxemm 53911555449 58943.130 60371.904 59657.517
2y 28 6807014577 74.423 76.227 75.325
N 793 793 793 793

ave Pearson Hl X {t 451 977 974 1
2% cam 000 000 000
Fraxemm 53834735004 64734218 59657.517 62195868
W 6797315139 81.735 75.325 78.530
N 793 793 793 793

Tl RS e (R R REF
PSS
P i 5 H Eos (IR CF8) iIRA 2
TR

H1e 2 T, el o v i ) ) 5 R O



510 39

T AR, A5 T B2 A i T 750 ) 18 K

FH0 0.423, 5 H e A% I W) 9 ) A5G R Bk
0.458, 5 H - X i [a] (9 1] 540 5C R B M 0.451,
BRI R BOR 56 B9 BE R p AR N 0,
I, 248 3 K o 0,01 B, AR 4E 48 41 6 &
OR300 AR BE, A T A5 H e (IR 37)
MAFTERPESC R, 52 H e (R 27) TG

1E H) R
2.2.3 FHFLBE R b 04K
SRR EN
. 1|
& o ;
5 ] §
& $ :
© B B
REES

B3 #HEEBSAREnExs
Fig. 3 Continued holidays and electricity consumption

MH B SRS B d ML B T LA
th, F i SRR AR DGR iy, (B SR B A [
FH AL AR
2.3 HERE

(1 A ) H 3 0 — K €2 ) A5

(1 A L T — 22 5T PR % D (] A A

(7 H) fL T —ARIMA H 3h % [ fd
2,31 Kipium AL A

BB AT Al 1 K R kg 5 AP IR 2 Uk R R R S AH
XK, 2 2R A AR A I v e 4™ A s, Rk
TEFF 2 R AR ] v B A T TN B, 75 5 SRR
— B B 2R BT 5 2 LR 4 R AR 0, S A Al
AR R A s D 1

IR TR A ST A RN

(1) ¥ 1T r i B8 I A= B8

(2) % g% 22 (BEALTHS(E 5 L PRl 2 26) & 3T
J&i , ST 253 oy T RS

(3) BT OCHK BE WS AT T — 20507 5

(4) XF R ARSI T A5 50 A 700 A s D

(5) R TP A (RGP o #5047
v s EhA R i) 7 ik, #ar CM (K ) T
Mg

I A e I v R (N QG LS T
) e oy LA - Wil £, B A h 2
ER AR A, &R E — DA
T

x 10"
38

3.6|-

3.4/

32/ ¥

28|-

26|

24|.
&

B4 kEERHNTEE

Fig.4 Schematic diagram of grey model prediction
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Fig.5 Flow chart of multivariate linear regression model
2.3.3  spFaam gt
W IR A 2GR L IR R =2, R B X
AR % R ET A, HR RSz T &
(UWLIE6) o B TR, b 4™ ke 5 1 X0 J 1) W it IR
A —EBRE o H A AIFE ML ke b 55 it T |
FEAS LT il TR S R R A PR A P R
Mo HE AR AL e 28 FE T & J 1 W, T 0 B2 U B i
.59 .



L R

521 %

AR E SR AR X PR N R, S A2k
XL, BEFEAUS PRI IE A ARTMA [ 3l 7E i
T 3R F BTN S AR AR ) HARTE

HE5EE

el o S
w &7 == | y i
# i ]
i I 8 8
5] :

5
pE ‘ '
8 E® iR
BE

Eo6 RESERENXR

Fig. 6 Temperature and electricity
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Fig. 7 Flow chart of ARIMA model
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Fig. 8 Month model fitting — prediction chart
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Innovation and application of power forecasting method based on big data mining

XU Jun,XU Wenhui,ZENG Xin,SONG Le
(1. State Grid Zhejiang Huzhou Electric Power Supply Company, Huzhou 313000 Zhejiang, China)
Abstract: This paper is based on the marketing system data to conduct electricity forecasting, analyze the trends of electricity
consumption in different regions , industries and periods,drill down into the data,find hidden information and use it. The factors affecting
electricity consumption are excavated in all directions,and the relevant factor formation factor reserve library is selected to prepare for
subsequent modeling. Through the use of time series, multiple linear regression and gray prediction algorithms to predict electricity,
enrich power forecasting methods, improve short-term, medium-term and long-term power forecasting capabilities, and visualize the
forecast results to provide reliable data support for power forecasting. The example proves that the method can effectively improve the
accuracy of power forecasting and achieve accurate prediction of power consumption in the future, which not only improves customer
service capability ,improves the work efficiency of customer service departments, but also effectively improves the core competition of
power companies,so that power companies can make more wise business decisions in the increasingly fierce market situation and seize
the leading position in the electricity market.

Key words : marketing system ;electricity prediction;visual display;data support
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