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Abstract : Load forecasting is a prerequisite for guiding the scheduling and operation of integrated energy systems (IES). In
order to carry out day-ahead scheduling and intra-day operation optimization on IES more economically and efficiently, a
multi-load day-ahead and intra-day forecasting method based on feature screening is proposed. Firstly, by combining three
types of feature screening methods in feature engineering , input features of forecasting models are selected. The combining
method simplifies the models while preserving the important features, and the input feature sets for day-ahead and intra-day
forecasting models are selected respectively. Then, taking hard parameter sharing in multi-task learning, the forecasting
models are established based on long short-term memory neural network, achieving information sharing among different
subtasks. And the forecasting accuracies of the models are optimized through random search method. Finally, taking an
industrial park in Beijing as a study case, its energy system's electricity and heat loads are analyzed , and the comprehensive
accuracies of the day-ahead and intra-day forecasting reach 91.3% and 95.2%, respectively. The method provides a sound
support for [ES day-ahead scheduling and intra-day operation optimization. Compared with the results of forecasting without
feature screening and the forecasting on a single load , the method proposed has a higher forecasting accuracy.

Keywords: integrated energy system; multi-load; feature screening; day-ahead and intra-day forecasting; multi-task

learning ; long short-term memory neural network
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Fig. 10 Forecasting and actual values of electric loads in
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