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Table 1 Hourly data of residential load

I A/ (kW -h) || WFE T S/ (kW h)
01:00:00 0.673 665 839 13:00:00  0.802212349
02:00:00 0.630061292 14:00:00  0.784326991
03:00:00 0.629453730 15:00:00  0.809881201
04:00:00 0.634082613 16:00:00  0.921210551
05:00:00 0.689802151 17:00:00  1.128449873
06:00:00 0.832645051 18:00:00  1.211585341
07:00:00 1.008494 723 19:00:00  1.280181308
08:00:00 0.934340858 20:00:00  1.494 505609
09:00:00 0.866016 664 21:00:00  1.635385523
10:00:00 0.881554665 22:00:00  1.368239538
11:00:00 0.867876311 23:00:00  1.079166564
12:00:00 0.834437455 24:00:00  0.783907281
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Fig.1 Effect of output dimension on clustering

H P 1 AT A R RN SRR RCR A 2
IE R AR 2k Hh B 2 2 R OR B RN A A 2715 2]
RO, Y 4EEE 6 i, 133 DBI B A/,
RIS A DR 3 5 3 BT 6 1
Ty AR T

S 0 RS S R BOR B AT o, 43 R
F 3 FhEEESEAT XS FE AT, 26 1 MR R AR S K-
means; 57 2 P75 JE Kernel K-means, BRI T#7
0 K-means ; 5 3 #1557 KPCA-K-K-means B JGffi
FH KPCA A7 R A b 31 | DTG A5 380 B2 48 i 0 A% 0 B
I HI D AZ SE 1 | )5 K-means ¥E1T 325 Rl H
MATLAB X} bk 3 583k g 12 | 7% 4 A ] 3R 28 o



D R EEE

$£36%E

RREMR B | K-means Kernel K-means . KPCA-
K-K-means DA REHAE Mk A, i Kernel K-means
5 KPCA-K-K-means 9 1% R 0T 5 B 5 3 4% pR 5
SR ==0.1 ., =—1, REES DBI XFh &
UK 2 PR,

F2 BEEE DBINXR

Table 2 Relationship between
clustering number and DBI

A DBl
K-means Kernel K-means KPCA-K-K-means
2 0.65733 0.65733 0.66021
3 0.60279 0.58053 0.56706
4 0.61568 0.60053 0.54292
5 0.59403 0.58287 0.54969
6 0.624 55 0.58053 0.54691
7 0.66069 0.62222 0.54691
8 0.65019 0.57792 0.54530
9 0.69217 0.584 16 0.53699
10 0.74561 0.70116 0.54842
11 0.74713 0.59715 0.58268
12 0.73824 0.65476 0.61191
13 0.70649 0.688 16 0.57334
14 0.74620 0.64809 0.58630
15 0.69840 0.72528 0.56436
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Load curve clustering based on Kernel K-means
ZHAO Wenqing, GONG Yaqiang
(School of Control and Computer Engineering,North China Electric Power University, Baoding 071003, China)

Abstract: As the basis of distribution and utilization system,the load curve clustering is of great
significance for load management. A clustering algorithm based on the kernel method is proposed to
improve the accuracy of the load curve clustering,which applies the dot product to construct the kernel
matrix and maps the data into a high-dimensional space to increase the data divisibility for clustering.
Aiming at the large scale and calculation complexity of the kernel matrix,the kernel principal component
analysis and the kernel matrix size reduction are adopted to optimize the proposed method. As an
experiment,the load data provided by the United State Department of Energy Development Energy
Information Website are clustered and its effectiveness is assessed by the Davies-Bouldin index,which show
that,the proposed method has better classification capability and the accuracy of load curve clustering is
improved.

Key words: load curve; clustering algorithms; kernel matrix; kernel principal component analysis; matrix

size reduction



