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Fig.9 Identification results of short-time sudden
drop using OCSVM algorithm and GSA
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PMU abnormal data identification algorithm based on stream clustering
DENG Xiaoyu', WANG Xiangbing', CAO Huazhen', WANG Liuhuo', YAN Hongfeng’, WANG Hongyu’
(1. Guangdong Power Grid Co.,Ltd.,Guangzhou 510699, China;
2. Wiscom System Co.,Ltd. ,Nanjing 211100, China)

Abstract:In order to ensure the accurate application of the data collected by the phasor measurement unit ( PMU) , it is
necessary to eliminate the abnormal data in its measured values. The existing PMU abnormal data identification algorithm has
the disadvantages of high algorithm complexity, difficulty in online updating, difficulty in the calibration of multi-source data,
and difficulty in application relying on multi-source data. In this paper,an abnormal data identification framework is proposed
based on the PMU event data and abnormal data model and the definition of PMU abnormal data identification information
entropy. On the basis of the framework,a PMU abnormal data identification algorithm is proposed based on the balanced
iterative reducing and clustering using hierarchies ( BIRCH ) algorithm. The proposed algorithm is implemented, and an
algorithm experiment is carried out for the PMU dataset of a substation. The experimental results show that the proposed
algorithm has better accuracy and real-time performance than one-class support vector machine ( OCSVM) algorithm and gap
statistic algorithm.

Keywords ; phasor measurement unit ( PMU ) ; abnormal data; event data; identification framework ; information entropy;

stream clustering
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