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Fig.3 Flow chart of load forecasting by LSTM
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Fig.4 Intelligent power fault diagnosis system
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Review on the Application of Artificial Intelligence in Power Systems

MA Min', QIN Jia’, YANG Dongsheng’®, ZHOU Bowen’, PANG Yongheng’, HAN Huanying’

(1.State Grid Liaoning Fuxin Power Supply Co. Ltd., Fuxin 123000, China; 2.School of Information Science and Engineering,
Northeastern University, Shenyang 110000, China)

Abstract. The development of electric power system was an important evaluation index of national economic
level. With the continuous access of distributed renewable energy and the continuous expansion of power grid
scale, the power system was gradually become more and more complicated. The power data with the character-
istics of multi-source, heterogeneous, large amounts of typical big data, which puts forward higher require-
ments for the analysis and processing methods of power problems. Artificial intelligence wass the key to the fu-
ture science and technology progress. China has to promote the development of Artificial Intelligence to
national strategy. The emergence and development of artificial intelligence could provide powerful tools for
power system planning and design, simulation, coordination and control, prediction and estimation,
diagnosis, and recognition. Power system was one of the main application fields of artificial intelligence in our
country. This review began with the policy requirements of artificial intelligence in the world in recent years;
and mainly discussed the main application direction of artificial intelligence in power system, which focused on
perception prediction, management control and security maintenance. Then, based on the shortcoming of the
application of artificial intelligence itself, the shortcomings of artificial intelligence technology in the field of
electric power application wass analyzed. In addition, based on the characteristics of various directions, the
problems of artificial intelligence in different directions of electric power application was deeply explored.
Finally, suggestions and prospects for the development of intelligent power was put forward in view of the
overall development trend of artificial intelligence.

Key words: artificial Intelligence; power system; perception prediction; management control;

security maintenance



