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A short-term load forecasting method based on intelligent similar day
recognition and deviation correction
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Abstract: Based on the traditional load forecasting theory, this paper proposes a new short-term load forecasting method
based on intelligent similar day recognition and deviation correction. Firstly, the characteristic matrix of prefecture-city
and correlation factors is constructed to select the most similar day of load curve through calculating matrix correlation
coefficient. On this basis, the real-time meteorological deviation correction strategy which adopts the XGBoost algorithm
is established to carry out the secondary deviation correction of the load curve, so as to achieve the goal of short-term load
prediction. An example study shows that this strategy can effectively improve accuracy of short-term load forecasting, and

also has good adaptive characteristics. Therefore, this method can be applied to the short-term power load forecasting

practice.
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Fig. 1 Global algorithm flow
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Fig. 2 Intelligent similar day recognition algorithm
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