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A Review of the Application of Artificial Intelligence in Energy Internet
XIAO Zeqing, HUA Haochen, CAO Junwei
(Research Institute of Information Technology, Tsinghua University, Beijing, 100084, China)
ABSTRACT: The artificial intelligence technology has outstanding advantages in solving
complex problems efficiently. Energy Internet, fusing energy with information technology, can
provide consumers with flexible sharing services for energy. Due to the intermittence and
volatility of power generation by renewable energy, not only effective utilization of renewable
energy requires more and more real-time information of energy supply and demand, but also the
mode of energy supply and demand becomes more complex and variable. Recently, artificial
intelligence technology has been widely used in system modeling, prediction, control,
optimization, and other aspects in the field of energy Internet. This paper makes an overview on
the current research status of the artificial intelligence technology in the typical application
scenarios in energy Internet. Besides, the related future development trend is also put forward.
KEY WORDS: energy Internet; artificial intelligence; deep learning; neural network; machine
learning
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