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Fig. 1 Under the same conditions, the two furnace at

s i e s R e

the same time has three working days at the same time,and the

actual value of the 3 main transformer load is changed.
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Fig. 2 flow chart of short-term load forecasting method

based on big data mining
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Tab. 1 Load of 9 substations in Fushun area in July 2017/ (kw - h)

2R TH1H 7TH2H 7H3H 7H4H TH5H 7H6H THTH
TAe 2525952 2571 888 2 628 648 2 512 488 2 518 560 2 686 464 2 653 464
ISl 472 032 431 904 455 664 442 728 476 784 493 680 475 992
Tt 2283 776 2 185 920 2 413 312 2 416 832 2373 184 2 453 440 2327 424
27 v 3988 512 4 558 488 4 876 608 5032 368 5 054 808 4 852 848 4 579 608
MR, 2 085 600 1 966 800 2 061 312 1 904 496 1 730 784 1 802 592 1 985 808
Tk )3 1 838 144 1776 016 1 760 176 1 736 592 1831 632 1 941 984 1 839 904
I o 32k 936 408 876 216 993 168 1 069 992 975 744 1029 336 1 001 880
IR BE 635 184 625 680 623 040 621 456 645 744 663 168 610 368
JCIE 1 520 640 1 443 904 1 557 248 1535 424 1 539 648 1 538 240 1 551 616

R 7H8H 7H9H 7H10H 7H11H 7THI12 H 7H13 H 7H14H
TAeuk 2770 152 2 667 456 2 550 504 2 661 648 2 684 880 2 625 480 2 625 480
-3 487 080 479 688 464 904 488 928 490 248 514 536 514 536
bl 2 476 320 2 630 144 2 488 288 2 652 320 2 634 016 2 728 352 2728 352
2 v 4 859 448 5211 624 5 157 240 5 412 264 5 524 200 4 472 952 4 472 952
MiAR sk 2 078 208 2 029 632 2 029 104 2 126 784 2 193 840 2277 264 2 277 264
Tk )32 1 888 304 1 815 440 1723 568 1748 912 1 755 072 1 802 768 1 802 768
T B 3 963 336 911 856 996 072 1 023 792 1035 672 1 146 024 1 146 024
TR BE 641 520 627 792 609 312 617 760 625 680 671 616 671 616
JCJp 1 531 904 1 467 840 1 432 640 1 493 888 1 558 656 1 667 776 1 667 776
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Tab. 2 relative error value table of short-term load

forecasting method based on big data mining
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Tab. 3  the relative error table of the auto regressive

(AR) model method
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Exploration and practice of short term load forecasting based on large data

mining under impulse load characteristics
LI Yunfei' ,ZHANG Peng’ , CHENG Pengfei' ,FAN Chuanzhong' , CHENG Shuo' ,ZHANG Chen' ,ZHAO Yan '
(1. State Grid Liaoning Tieling Branch, Tieling 112000 Liaoning, China;
2. State Grid Fushun Branch,Fushun 113000 Liaoning, China)
Abstract: Impulsive load accounts for a large proportion of the total load in Fushun area. When the impact characteristics of the total
load in Fushun area are obvious, it may cause continuous oscillation of system frequency and voltage swing, which is not conducive to the
safe and stable operation of power grid. Therefore, this paper explores and practices how to improve the accuracy of short-term load
forecasting of regional power grid,and improves the accuracy of impact load forecasting and pretreatment in order to achieve reasonable
economic dispatch,reduce production costs,and ensure the safety of power grid. The method of short-term load forecasting has achieved
good results in Fushun power grid after testing, which improves the problem of short-term load forecasting accuracy decline caused by
large fluctuation and weak regularity of load curve of local power grid under impulsive load characteristics. It can provide direction ideas
and guidance suggestions for current company load forecasting work. It is also suitable for short-term load forecasting in Huludao and
other areas with impact load characteristics,and can improve the local short-term load forecasting level.

Key words: large data analysis ;impact load short-term prediction ; prediction support vector machine ; grey relational degree
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