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Forecasting of short-term power based on just-in-time learning

ZHU Qingzhi" %, DONG Ze?, MA Ning?
(1. North China Electric Power University, Baoding 071003, China; 2. Henan Polytechnic Institute, Nanyang 473000, China)

Abstract: In view of the non-linearity and time-varying of short-term load data in power system, a local instant learning
algorithm based on variable correlation and a short-term load forecasting model based on least squares support vector
machine are proposed. Mutual information is used to calculate the correlation of meteorological data, meteorological
factors and other variables, and it is introduced into the training set of real-time learning algorithm to select the current
power system load modeling neighborhood and improve the accuracy of short-term load model prediction. Similarity
threshold is used to update the local model adaptively to enhance the real-time performance of the system load model. The
load forecasting in Wancheng District of a City is carried out by using Matlab. The results show that the short-term load
forecasting model based on instant learning algorithm has smaller error and higher prediction accuracy.
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Fig. 2 Prediction results of 3 kinds of different models
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Table 1 Simulation results of four modeling methods
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input and output variables
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