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Analysis and Evolution Trend of Temperature-Sensitive Loads for
Virtual Power Plant Operation
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(1. Beijing Key Laboratory of Demand Side Multi-Energy Carriers Optimization and Interaction Technique (China Electric Power Research
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102206, China; 3. State Grid Coporation of China, Beijing 100031, China; 4. Marketing Service Center of State Grid Hebei Electric Power

Co., Ltd., Shijiazhuang 050081, China)

Abstract: With the frequent occurrence of extreme weather, the electricity consumption of temperature-sensitive loads is increasing
year by year. As a high-quality regulation resource of virtual power plant (VPP), temperature-sensitive loads urgently need to be
analyzed for the impact of meteorological changes on them. Due to the influence of abnormal weather such as extreme high
temperature and large-scale cold waves, temperature-sensitive loads fluctuate violently. Conventional analysis and prediction
methods are not adaptable to the extreme meteorological scenarios. Aiming at the problem of insufficient sample data and prediction
accuracy of temperature-sensitive loads under cold wave weather, this paper proposes a daily maximum load prediction method for
temperature-sensitive loads under the condition of small sample in cold wave weather. In this method, the TimeGAN is used to
expand the small sample data during the cold wave period, and then the CNN-LSTM network is used to predict the daily maximum
load during the cold wave period. Finally, the model is verified by the load data of a province in China during the winter period in the
past two years. The results show that the prediction results of the proposed model are better than those of other models, with the
prediction accuracy of the daily maximum load on the verification set being 99.5%.

This work is supported by Science and Technology Project of SGCC (Regional Power Supply and Consumption Comprehensive Pre-
Treatment Supporting Heavy Overload Station Area Governance, No.5108-202218280A-2-379-XQ).

Keywords: temperature sensitive load forecasting; cold wave; time series generative adversarial network; virtual power plant;

convolutional neural network; long short-term memory neural network
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