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Short-term Prediction Method of Power Load Maximum Based on KPCA-SVM

Model
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ABSTRACT: The maximum of power load is an important part of power enterprise dispatching work, and the accuracy of
its prediction results will have an important impact on the distribution of power, the effective utilization rate of power, the
quality of power supply service and the development of power system. Based on the 81-day power load maximum data of a
city in Anhui province, this paper selected 10 factors influencing the power load maximum of the day, and used KPCA
algorithm to reduce the influencing factors from 10 dimensions to 5 dimensions. The cumulative contribution rate can reach
93.70%. The 5 d data which was reduced dimension as input, the radial basis function as kernel function, we used the cross
validation to select the optimum parameters of SVM regression. Randomly we selected 54 sets of data to train SVM
prediction model, then we selected 27 groups of data to fit prediction. The mean square error of fitting prediction is 0.0041,
and the correlation coefficient is 0.9631. This shows that the KPCA combining the SVM prediction model for power load
maximum has good prediction ability.
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Tab.1 KPCA processing results for 10 influencing

factors
ER)%i A TIERE Fit ok
1 53.74% 53.74%
2 12.72% 66.46%
3 12.21% 78.67%
4 10.55% 89.22%
5 4.48% 93.70%
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Fig. 1 The overall process of SVM prediction model
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Fig. 2 Contour map of the rough seeked results
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Fig. 4 Contour map of the fine selection results
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Fig. 5 3D view of the fine selection results
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Fig. 6 Result figure of SVM regression prediction
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Fig. 7 Error figure of SVM prediction
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