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A refined load forecasting based on historical data and real-time influencing factors
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Abstract: With the rapid development of smart grid technology, increasingly demand on the accuracy of load forecasting
is put forward. Integrating load, weather and other multi-sourced data, a refined load forecasting method of Support
Vector Machine (SVM) based on data fusion is proposed. Firstly, the historical load data is clustered and the operation
days are divided into six categories. Then the weather data such as temperature and humidity are combined with the load
data, and the refined load forecasting models of SVM based on data fusion are established respectively for the six
clustering results. And the parameters of the model are optimized globally. Different forecasting models are used to
predict the load of a prefecture-level city in Zhejiang Province in 2013, the prediction results show that the prediction
accuracy of the load forecasting method proposed in this paper is obviously higher than that of the traditional load
forecasting method.
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Fig. 2 Load curve in one week
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Table 3 Correlation analysis of summer load

and rainfall in 2012
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