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Power Load Curve Clustering Method Based on Singular Spectrum Analysis
and Improved Density Peak Clustering Algorithm
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Abstract: To address the misclassification issues in existing density peak clustering algorithms caused by significant local fluctuations
in data or uneven distribution of load categories, a power load curve clustering method based on singular spectrum analysis and
improved density peak clustering algorithm is proposed. Firstly, singular spectrum analysis is employed to decompose the original
power load data into a low-frequency component containing the main contour information and a high-frequency component represent-
ing noise. Secondly, the local density of the density peak clustering algorithm is redefined by integrating the ideas of K-nearest
neighbors and natural nearest neighbors, followed by clustering the low-frequency component. Finally, applied to real-world power
load datasets, the proposed method is compared with other clustering algorithms, and case study results validate its effectiveness in
real data.
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Fig. 1 Multi-day load profiles for two types of customers
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Fig. 2 Visualization of the clustering results of the DPC
algorithm
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Fig. 4 Visualization of the clustering results of the iDPC

algorithm
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different algorithms in OpenEl dataset

RETMFER  BAEFREL SSE DBI Ne

SSA-iDPC 6 8 404. 8 0.5953  0.5042
VMD-iDPC 6 9904.0 1.1349  0.4500
iDPC 6 8440.9  0.7463  0.4495
DPC 5 9240.9  0.8327  0.3941
SSA-DPC 5 9240.5 0.8266  0.4090
K-medoids 6 10028.6  1.1048  0.4707
GMM 6 9802.7 1.0527  0.3887
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Fig. 12 Clustering results of SSA-IDPC algorithm in commerce
and industry dataset
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Fig. 13 Clustering results of DPC algorithm in commerce and
industry dataset
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Tab. 2 Comparison of clustering effect evaluation indexes of

different algorithms in commerce and industry dataset

RIS R AR SSEfH DBI{H Nelis

SSA-iDPC 6 9648. 1 1.0875 0.3183
VMD-iDPC 6 10814.4  2.8354  0.2913
iDPC 6 9626.6 1.4211 0.2816
DPC 6 10269.9 1.442 8 0.2310
SSA-DPC 6 10243. 8 1.4195 0.2537
K-medoids 6 10028.6  1.8499  0.2246
GMM 6 10195. 5 1.7042  0.2207
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Tab. 3 Comparison of noise robustness of different algorithms
%

Wi I d LS
SSA-iDPC iDPC DPC SSA-DPC
0 100 100 100 100
5 100 100 100 100
10 100 100 100 100
15 100 95.80 87.97 100
20 100 87.68 83.15 98.92
25 93.87 85.73 76.95 90. 63
30 85.50 81.20 63. 40 80. 98

B KA AR E Ty MR A 1 %~2 %01 IX 8] i il A
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Tab. 4 Influence of the number of K-nearest neighbors on
clustering results

KO 4R % o H/% R
SSE DBIfH SCA
1.0 8305.7 0.7853 0.4975
1.1 8404. 8 0.5953 0.5042
1.2 8404. 8 0.5953 0.5042
1.3 8552.5 0.796 9 0.4754
1.4 8404. 8 0.5953 0.5042
1.5 9107.4 0.7955 0.3399
1.6 8404. 8 0.5953 0.504 2
1.7 8404. 8 0.5953 0.504 2
1.8 8 404. 8 0.5953 0.5042
1.9 8240. 1 0.7842 0.4407
2.0 8 404. 8 0.5953 0.504 2
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