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Fig.1  Trip prediction model based on data diagnosis
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Fig.2  Flow chart of under-sampling experiment of power

outage data set based on K-means clustering
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Tab.2 Performance indicators of non-blackout categories of

power outage prediction models based on different

imbalance ratio data sets
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power outage prediction models based on different

imbalance ratio data sets
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power outage prediction model
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Data-driven predictive model of distribution system blackout

NAN Dong-liang' , FENG Chang-you" *, CAO Hui’, WANG Xin*, LI Yu-dun*, TAN Jin-long'
(1. State Grid Xinjiang Electric Power Co., Ltd., Electric Power Research Institute, Urumqi 830011, China;
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3. School of Electrical Engineering, Xi’ an Jiaotong University, Xi’an 710049, China;
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Abstract; Blackout is one of the most critical influence factors of distribution network reliability, whether to accu-

rately predict in order to take measures, is an import way to improve the reliability of the power system. This paper

presents a data-driven predictive model of power system blackout, which could predict the probability of blackout

preciously. This paper firstly uses a sampling method based on K-means algorithm to solve the imbalance of the data

set. In order to achieve outage prediction in distribution network, the improved integrated learning algorithm-Ada-

boost is proposed and the performance is improved by the weight update method with considering the error of the

weak classifier. The test proves that the model based on the improved Adaboost algorithm has better accuracy, re-

call, and F1 value as compared with the Adaboost algorithm. The outage prediction performance is largely im-

proved.

Key words: distribution network ; data-driven; blackout prediction; power supply reliability



