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Abstract

With the advent of electric power system big data era, the power load test data clustering analy-
sis is particularly important; it is the whole electric power system modeling, demand side man-
agement, and the foundation of overall planning, etc., to power system security, economy and
stable operation is of great significance. The clustering analysis of power load can accurately
extract the commonness and difference of load. The load clustering analysis on the user side can
extract the user’s electricity usage and power mode, and accurately grasp the user’s power law,
thus optimize the power dispatching and regulating the operation of the entire power grid. As
the main work of this paper, firstly the complex high-dimensional original sample data are re-
duced dimensionally, and then the cluster analysis is performed. By comparing the results of
several commonly used clustering algorithms, the optimal algorithm is used to classify the user
power load attributes.
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Figure 1. Common clustering algorithm
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Figure 2. Algorithm flowchart
2. BAERER

DOI: 10.12677/sg.2018.82022 192 B HE L


https://doi.org/10.12677/sg.2018.82022

ot
B
4
48

1) WHER S . DBSCAN [N RIS 5y, A T i 4 5080 8 I Gl 45 5 5 IR

2) 4B4% Eps Al MinPts fZEHL . X T-7E— R I BTA ki, X4 5 K A Rl 8 LR 8 2 A
IR, BT AELORAEE S i3 k i R BE AL, SRS MR A E I3 k Sl 48 22 18] PR 2

3) MK EAL SN, RRTER . FERNIEERD, MR RN ERR, (H
Eps AW LABER], A4 KK AT BEgR PN A R sl i/, R Eps ik, 2 SBUNMERIIKEN S
A B (R R R R

2.2.3. FMEELEE
gE FRTR, 31 T AR R A R R EIE PR .

3. APRAERESH
3.1. ¥EEXIHEA

3.1.1. BHIERIE

ASCH TR P A B L SCADA Rt e, Hdl F EaFE IR X g A " K TR E X H
PR, BRI, TN EE, RAEMFEA 15 /-8 —k, 10 kV xR - B2 EER,
Hrit i B m RS, i 35 kV. 20 kV. 220 kV. 110 kV 2%, firiid S5k 77,312 4%, A
BN E 2 s

3.1.2. WHETRALTE

1) FHEAHREIE

FEAE G B R AP — M AW B, X E IR . BT G p A B A Th g oy
FUE, FIERRER R A, DURH SE U G B LRI P B ek, el ie, R P U EcE
At 77,656 A%, BUEREAK. DU g I Gpg AR LR ih e AE ORI, RAIBTBat 78 F 7 S il 2 b R

R EH P
p=|(ps = Pa1)/ P4 (-1
i BRI P AT TE d SRR PN p={py,d =1,---,96} , X AME L TG 155 (1 0 4 )
BB AE 7 A .
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Table 2. User voltage level distribution
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Table 3. Various types of classical clustering algorithms
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