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Abstract: To address the issue that wind turbines’ supervisory control and data acquisition
(SCADA) system contains a significant amount of data about abnormal records, which affects the
accurate representation of the turbines’ operational status, a method for identifying abnormal
data based on density-based spatial clustering of applications with noise (DBSCAN) is proposed.
Based on the characteristics of the wind speed-power scatter curve, this method involves the use
of prediction errors and classification accuracy to select the key clustering parameters:
neighborhood radius and minimum number of sample points in the neighborhood. It avoids the
subjectivity of manually determining the clustering parameters, allowing for a fully automated
parameter selection process. As a result, it achieves effective identification of abnormal data in a
wind turbine’s SCADA system. The proposed method is validated using monitoring data from
wind turbines in a specific wind farm. The results demonstrate that the method helps to retain as
much normal data as possible while ensuring the removal of abnormal data. It also shows superior
anomaly identification performance compared to k-distance graph and KANN-DBSCAN, an

improved algorithm based on k-nearest neighbors. This study provides valuable insights for the

Wk F . 2023-08-01, TEFERA: BEE999—) B Wi L4 FREGREES BB LB, B4
WH. ERARFFESEBIIH (51905409,
W 2% Wy RS TR] . 2023-12-02 [ 2% Hi BB IE : https: // link. enki. net/urlid/61. 1069. t. 20231201. 1032. 002



R A KU DL B SR AR 5 W P R G S RO AR 5 O o7

status analysis of wind turbines.
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Fig. 1 Ideal power characteristic curve for wind turbines
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