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Application of clustering analysis in typical power consumption profile analysis
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(1. School of Automation, Guangdong University of Technology, Guangzhou 510006, China; 2. Zhanjiang Power Supply Bureau of
Guangdong Power Grid Corporation, Zhanjiang 524005, China)

Abstract: In order to gain the large power customers’ typical power consumption profiles in a power supply area, a new clustering
evaluation method is presented and a clustering analysis framework based on k-means, k-medoids, self-organized maps (SOM) and
Fuzzy C-Means (FCM) is built. It analyzes the characteristic of the electricity consumption data and uses the Gaussian smoothing
method to reduce the noise in the data. Clusters average radius, clusters average diameter and clusters average minimum distance are
proposed and used to design the clustering evaluation method. This framework is utilized to analyze the daily electricity consumption
curves of the whole customers in a certain area, which can automatically recognize the number of clusters. The result shows this
methodology is clear in physical conception, simple and practical.
This work is supported by Natural Science Foundation of Guangdong Province (No. 10151009001000045).
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Fig. 2 IRIS dataset clustering evaluation of k-means
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Table 1 Scores of IRIS dataset clustering evaluation
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RRE a1 32| RBEE 3401 3512
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5 0.69 0.63 5 0.31 0.12
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8 0.13 0.11 8 0.17 0.07
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Fig. 3 Framework of cluster analysis model
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Table 2 Results of several clustering algorithms
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Table 3 Scores of 2~15 clusters based on k-means
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