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Traceability analysis method of power load forecasting results based on Shapley value
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Abstract: Aiming at the problem that load forecasting results cannot be traced due to the black-box charac-
teristic of machine learning,a traceability analysis method of power load forecasting results based on Shapley
value is proposed. The general form and basic process of building load forecasting model with machine
learning technology are explained. On the basis of load forecasting model, the Shapley value in cooperative
game theory is used to calculate the impact of various influencing factors of load on the load forecasting
results. Traceability analysis of the forecasting results of load forecasting model trained by the gradient boos-
ting decision tree algorithm is carried out. The experimental results show that the proposed method can gain
insight into the load forecasting process,so as to realize the traceability analysis of load forecasting results
and analysis of influence factors of load considering complex nonlinearity, and can guide feature selection
to improve the generalization ability of model when building load forecasting model.

Key words:load forecasting;influencing factors of load;traceability analysis;Shapley value;gradient boosting

decision tree;machine learning



