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Abstract

Load forecasting is one of the most important tasks in the power system. Accurate load forecasting is able to
help decision makers to reasonably dispatch grid resources, which plays an important role in maintaining efficient,
stable, safe, and economic operation of the power grid. With the development of smart grids, the exponential
growth of users’ electricity consumption data has promoted the rapid development of load forecasting research. Es-
pecially in recent years, the technology in the field of load forecasting has undergone huge changes. Many tradition-
al load forecasting methods have gradually been replaced by more accurate data-driven deep learning methods. This
paper reviews the development of deep learning methods in the short-term load prediction field in recent years,
summarizes and analyzes the latest researches of deep learning in short-term load prediction, and finally looks into

the future development of the short-term load forecasting research.

Key words: load forecasting, machine learning, smart grid, deep learning, big data
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