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Parallel clustering analysis for power consumption data based on graph model
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Abstract: As the deepen development of smart grids construction, more and more monitoring data are collected in
power distribution network, and gradually forming big data on the user side of smart grids. The traditional data anal-
ysis model does no longer meet performance requirements of huge data processing. Thereby new storage and data a-
nalysis models are urgently needed to be established. Under this background, this paper proposes a cluster analysis
method for massive electricity consumption data based on the Alibaba Cloud big data analysis platform MaxCompute.
The characteristics of power consumption data are fully considered, and a multi-level partition table-based power con-
sumption data storage mode are designed by adopting the three-phase voltage, three-phase current, three-phase power
factor, etc. to establish multi-dimensional data characteristics. Furthermore, the MaxCompute Graph framework de-
sign is employed to achieve an efficient clustering and partitioning algorithm for massive electricity consumption data.
Experimental results show that the designed storage mode can effectively improve the retrieval efficiency of electricity
consumption data. The clustering accuracy rate reaches 88% for clustering of users with different electricity con-
sumption types. The effectiveness and high efficiency of clustering is verified.
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Figure 1 The power consumption analysis flow chart
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Table 1 DDL for 3-dimensional reconstruction vector table

Create Table if not exist PCD( // power consumption data table
ID String,

CA double, CB double,CC double,

VA double, VB double, VC double,

FA double, FB double, FC double,

AP double,

RP double

EC double
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UT String, Date String) life cycle n;
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