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Table 1  Abnormal value detection and correction results

m/s
ig=2 H 1 % SRl BIFEE
1 2008-05-18 10:30 7.42 4.66
2 2008-05-18 15:30 4.95 7.09
3 2008-05-18 23:30 7.54 5.22
4 2008-05-19 00:30 6.63 5.01
5 2008-05-20 06:45 10.15 8.70
6 2008-05-20 12:45 10.25 8.64
7 2008-05-20 13:45 10.28 8.54
8 2008-05-20 14:30 10.29 9.23
9 2008-05-20 21:45 3.90 5.57
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Fig. 5 Wind speed forecasting results ahead 15 mins
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Table 2 Error results of wind speed forecasting ahead 15 mins

PR BP SVM GPR GPR-PF
MAPE/% 9.94 9.74 9.85 8.92
RMSE/m-s"  0.6525 0.6294 0.6460 0.5826
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Table 3 Error results of wind speed forecasting ahead 30 mins

PR R BP SVM GPR GPR-PF
MAPE/I% 11.54 11.32 11.37 10.46
RMSE/m-s"  0.7322 0.7056 0.7043 0.6410
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SHORT-TERM WIND SPEED FORECASTING BASED ON
GAUSSIAN PROCESS REGRESSION AND PARTICLE FILTER

Liang Zhi', Sun Guogiang', Yu Nayan®’, Ni Xiaoyu*, Shen Haiping®, Wei Zhinong'
(1. College of Energy and Electrical Engineering , Hohai University, Nanjing 210098, China;
2. State Grid Jiangsu Electric Power Company Wuxi Power Supply Company , Wuxi 214000, China
3. Wuxi Yang Sheng Technology Co., Ltd., Wuxi 214106, China)

Abstract: Improving the wind speed prediction accuracy of wind farm will help enhance the power grid stability and
economy. Noise or data loss often appears in historical wind speed sequences. These abnormal values will lead to inaccurate
estimation of model parameters. Therefore, the affecting the prediction accuracy. Therefore, the detection and correction of
abnormal value is the prerequisite and necessary measure to effectively analyze the law of wind speed. In this paper, a short-
term wind speed forecasting model combining Gaussian process regression and particle filter is established , which realizes
online dynamic detection and correction of outliers. Firstly, the state space equation is established by the Gaussian process
regression in the training sample set. The particle filter algorithm is then used to estimate the current measurement value.
The residuals between the estimated and measured values are analyzed and the anomalous values are detected according to
the principle of “ 30 ”. Secondly, after the anomaly being corrected, the Gaussian process regression forecasting model is
reconstructed. The particle filter algorithm is repeatedly used to estimate the latest measurement value during the process of
15 mins ahead wind speed forecasting, realizing the online dynamic detection and correction of outliers. The case study
show that the particle filter algorithm can effectively detect the abnormal values and reduce the wind speed prediction error,
the average absolute percentage error and root mean square error are reduced to 8.92% and 0.5826 m/s respectively when
the wind speed is predicted 15 minutes ahead.

Keywords: Gaussian process regression; particle filter; detection and correction of outliers; short- term wind speed

forecasting



