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Short-term photovoltaic power forecasting based on Kmeans algorithm and support vector machine

ZHANG Yujin, YANG Lingfan, GE Shuangye, ZHOU Hangxia
(College of Information Engineering, China Jiliang University, Hangzhou 310018, China)

Abstract: Short-term photovoltaic power forecasting is of great significance for maintaining the security and stability of

the power grid and coordinating the utilization of resources. In this paper, a short-term photovoltaic power generation
prediction method based on Kmeans algorithm and Support Vector Machine (SVM) is proposed. According to short-term

photovoltaic power generation characteristics and seasonal characteristics, the training set of the prediction model is
organized. The Kmeans algorithm is used to cluster the training set. Each class of data obtained by clustering is used to
train a SVM. The SVM of the same type is used as the forecast sample for power generation prediction. Experiments
show that the prediction accuracy of the proposed model is better than that of the traditional BP model and SVM model,

so it has a good engineering application value.
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Fig. 1 Full day PV power curve
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Fig. 3 PV power curve on sunny days in different seasons
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Table 1 Example of the normalization of a training sample
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Fig. 5 Prediction curves of four models in sunny day
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Fig. 6 Prediction curves of four models in rainy day
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Fig. 7 Prediction curves of four models in cloudy day
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