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Fig.1 Flow chart of the proposed method
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Fig.2 The CV statistics chart of the whole society
electricity consumption elastic network modeling
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Table 1 Elastic network and Granger causal test variable selection

% AB ST ¢, ¢,
SEHKIRE € $5 0.776 782 132 0.635 455 406
FE| b o A 2B A Y o o ACiH i 0.000 869 613 0.522 933 048
WLk & it & A3 0.041 182 055 0.755 961 271
oAk ) 0.699 423 671 0.109 435 949
= 45 ol Z 0.002 719 318 0.154 772 233
A M TR 0.011 984 078 0.023 621 26
SO T ot ol 7 BV 558 0.000 201 915 0.247 704 373
F N BT E S 2N 0.230 489 017 0.405 346 582
AN AR Tl 7 1 TR -0.024 836 341 0.553 111 68
A 04 B TR A i Tl AR -0.051 173 351 0.438 951 13
Ly A AR PR R D TG 0.051 562 422 0.174 784 574
TR 7 AR R E LS Sy 1.006 527 108 0.603 894 032
it A i 3 ol B0 TR -0.002 028 488 0.585 976 069
G FL 38 ol ) A TR -0.122 769 909 0.884 963 104
K IR EE 7 A T M e B IS 2Ny 0.138 888 002 0.967 736 228
IR 7 TR R 0.003 485 408 0.233 716 978
VY Yy TR 0.281 616 228 0.854 660 995
FA T SR Ak B 2 it 2 Ml A 7 35 W 4 A i TR 1.201 890 004 0.025 952 216
EE AR =SPRATR 0.001 659 305 0.353 025 000
TR LS T B N2 S oy -0.042 051 471 0.847 591 877
FR GG T R e 3 AR 2 31 0.253 874 239 0.514 469 04
7 PR A T 2% ks i 5K i 23 o5 0.034 337 991 0.789 531 98
SRR RIH SIS TR AL =SPRATE 0.051 211 212 0.506 214 755
K7 i BT S AR HE R =L R -0.367 245 503 0.411 728 607
TR S RIE SN R F 5L S PEAT R -0.124 112 062 0.943 555 994
A i RTH 2 AR 4 5L =L R -0.262 572 608 0.643 337 031
AR AR Ja BT BN AR AR AL SRR 0.101 316 403 0.146 485 612
— 5 Gy 1 B LN DEVEZSr s s 0.008 714 142 0.903 056 695
TR AR = Sl D R b 28 T 0.066 202 624 0.917 091 419
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Table 2 Shanghai’s total social electricity
consumption forecast results in 2018

. SR B AR
(fZkW-h)  (ILKkW-h)  Hixt/%
2018-01 151.40 148.84 1.69
2018-02 112.87 110.71 1.91
2018-03 120.89 118.83 1.70
2018-04 106.84 107.24 0.37
2018-05 119.03 117.47 1.31
2018-06 126.79 123.15 2.87
2018-07 163.32 154.11 5.64
2018-08 169.55 157.76 6.95
2018-09 136.53 131.41 3.75
2018-10 110.10 106.69 3.10
2018-11 109.52 105.75 3.44
2018-12 139.82 134.03 4.14
180 - SRl
160 ~-TRME

Gtk ox FH L
/({LKW * h)
5 8

—_
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6 8 10 12
Aty
B3 2018 F Ligheit S ABREMNER
Fig.3 Shanghai’s total social electricity
consumption forecast results in 2018
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Fig4 Curve comparison of different prediction methods
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Table 3 Comparison of different
methods for predicting MAPE

Tk Myiaps/ % Tk
VAR 15.10 Lasso 5.71
AL 2% 3.07
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Monthly electricity consumption forecasting method based on elastic network model
HU Chunfeng, TIAN Shiming, SU Hang
( China Electric Power Research Institute, Beijing 100192)

Abstract: Since the existing monthly electricity consumption forecast has fewer influencing factors, and it is unable to
comprehensively reflect the factors associated with strong electricity consumption. An elastic network electricity consumption
forecasting model for high-dimensional data variable screening and high-precision prediction is proposed. The volume prediction
model analyzes the monthly data of 340 variables and 96 time points for electricity consumption, economy, transportation, and
meteorology. By using elastic network to screening for high-dimensional variables,and Granger causality analysis to find out the
dependence of electricity consumption data and other data,the monthly electricity consumption of the whole society in a year is
predicted. And the mean absolute percentage error of the prediction results is 3.07%. Compared with the VAR model , BP model
and Lasso, the feasibility and effectiveness of the method are verified.

Keywords : elastic network ;least absolute shrinkage and selection operator ( Lasso ) ; Granger causality ; factor screening; elec-

tricity consumption forecasting
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Space charge behavior of retired high-voltage XLPE cables
ZHAO Yifeng' , LIU Gang', XIE Yue', HUANG Jiasheng >, ZHU Ningxi'
(1. School of Electric Power,South China University of Technology, Guangzhou 510640, China;

2. Guangzhou Power Supply Bureau of Guangdong Power Grid Co.,Ltd.,Guangzhou 510310, China)
Abstract: Two retired high-voltage cross-linked cables with service years of 16 and 32 are chosen to conduct a 180-day
prequalification test to research the diversity of space charge behavior and evaluate the reliability of reusing these cables for
practical operation. Space charge behavior in cross-linked polyethylene (XLPE ) insulation of the samples before and after aging
test is tested by the pulse electro acoustic (PEA) method, and space charge characteristics of the samples is investigated.
Fourier transform infrared spectroscopy (FTIR) and X-ray diffraction( XRD) experiments are used to observe changes on micro-
structure and aggregation structure of each sample. Experiments reveal the potential relationship between the structural changes
and space charge behavior,including the characteristic of migration, accumulation and dissipation of space charge. The results
show that the impurities causing severe accumulation of space charge inside the samples of the cable with 16 service years. After
the accelerated aging test,reduction of impurities and annealing effect decreases the accumulation of space charge and speeds
up dissipation process. On the contrary,the accumulation and dissipation of space charge inside the cable with 32 service years
is moderate. After the accelerated aging test, the oxidative degradation and destruction of crystalline structure result in
aggravation of space charge accumulation and more moderate dissipation process of space charge.
Keywords : cable ; cross-linked polyethylene (XLPE) ;space charge ; Fourier transform infrared spectroscopy( FTIR) ;X-ray diff-
raction( XRD) ;trap
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