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Tab.1 Relative forecast errors from 2008-06-08 to 2008-06-10
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g HAdJ¥S 8 HBP 8 HSVM 9 HEFEJFH 9 HBP 9 HSVM 10 HEf[JF4] 10 H BP 10 H SVM
1 0.0549 0.0196 0.0115 0.0125 0.0154  0.000 8 0.004 8 0.009 7 0.0020
2 0.0410 0.0194  0.0080 0.016 7 0.0089 0.007 2 0.000 8 0.005 3 0.006 6
3 0.024 3 0.0138 0.003 6 0.0213 0.0058 0.0146 0.005 5 0.000 3 0.009 4
4 0.024 2 0.0154  0.006 8 0.016 9 0.0044  0.0049 0.002 9 0.001 8 0.006 8
5 0.028 5 0.018 2 0.007 2 0.0200 0.0028 0.008 6 0.001 0 0.000 1 0.006 3
6 0.0152 0.0172  0.000 7 0.0116 0.0092 0.0052 0.004 9 0.000 1 0.008 5
7 0.004 7 0.0124  0.0009 0.003 6 0.0114 0.0009 0.0157 0.006 0 0.0123
8 0.003 1 0.006 9 0.001 1 0.002 8 0.0136 0.0030 0.013 4 0.005 0 0.0070
9 0.0197 0.005 8 0.0154 0.136 1 0.1401 0.1259 0.4572 0.038 7 0.107 3
10 0.038 7 0.006 8 0.003 8 0.0229 0.0293 0.0647 0.0109 0.009 2 0.096 4
11 0.027 5 0.003 2 0.003 1 0.0219 0.0397 0.0138 0.010 6 0.056 4 0.0354
12 0.024 3 0.0215 0.000 7 0.023 5 0.1026  0.0050 0.022 2 0.0537 0.017 4
85 0.016 1 0.008 6 0.004 3 0.0119 0.0034  0.006 7 0.009 8 0.0200 0.0191
86 0.016 2 0.0155 0.016 4 0.0251 0.0077 0.0022 0.0150 0.029 2 0.016 2
87 0.0139 0.020 8 0.017 2 0.0342 0.0003 0.003 1 0.0196 0.0299 0.0146
88 0.014 5 0.023 5 0.014 2 0.028 0 0.0023 0.0019 0.021 1 0.0322 0.018 4
89 0.0104 0.0217 0.0139 0.023 7 0.0073  0.0029 0.018 5 0.032 4 0.0154
90 0.007 1 0.012'1 0.004 3 0.013 8 0.0097 0.001 4 0.020 4 0.0332 0.0137
91 0.0191 0.004 6 0.000 8 0.004 9 0.0084 0.0014 0.018 3 0.0255 0.010 1
92 0.0132 0.007 7 0.006 5 0.009 4 0.0056 0.002 4 0.0222 0.024 7 0.0123
93 0.0133 0.0119 0.004 0 0.004 0 0.0104 0.001 1 0.018 3 0.021 4 0.008 9
94 0.018 1 0.0151 0.000 6 0.004 6 0.0076 0.004 3 0.018 8 0.0207 0.004 9
95 0.0156 0.0119 0.000 7 0.003 1 0.0092 0.002 4 0.0159 0.012 4 0.0017
96 0.013 8 0.014 4 0.003 9 0.009 6 0.0071 0.0020 0.0151 0.0059 0.000 1
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Tab.4 Comparisons of forecasting error among five methods
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Short-term wind speed forecasting model based on D-S evidence theory
LIU Yanan',WEI Zhinong',ZHU Yan®,SUN Guoqiang',SUN Yonghui',
YANG Youqing’,QIAN Ying®,ZHOU Jun®
(1. Research Center for Renewable Energy Generation Engineering of Ministry of Education,Hohai University,
Nanjing 210098, China;2. NARI Technology Development Co.,Ltd.,Nanjing 210061, China;
3. Chizhou Power Supply Company of Anhui Electric Power Company,Chizhou 247000, China)
Abstract: A combined short-term wind speed forecasting model based on D-S evidence theory is proposed.
The forecasting models of time series,BP neural network and support vector machine are adopted to
respectively forecast the wind speed. Based on the analysis of forecast errors,D-S evidence theory is applied
to fuse these three models. The wind speed data for several days before are taken as the fusion samples to
calculate the corresponding basic trust distribution functions,which are then fused. The results of fusion are
taken as the weights of the wind speed forecasting model and the wind speed of the day to be forecasted
is calculated. Simulative results show that,the proposed combined forecasting model has smaller forecasting
error and better effect.
Key words: wind power; time series; BP neural network; support vector machines; D-S evidence theory;
forecasting; models
emf oottt ettt ettt e oo
(E#% 130 @ continued from page 130)
Sensorless vector control technology for brushless doubly-fed
wind power generator
ZHU Yunguo'?,ZHANG Xing',LIU Chun',CHEN Hongbing'
(1. College of Electrical and Automatic Engineering,Hefei University of Technology,Hefei 230009 ,China;
2. Department of Electrical Engineering,Tongling College , Tongling 244000, China)
Abstract: A control strategy applying the model-reference adaptive speed identification is proposed to
remove the bad influence of speed sensor on the control stability and accuracy of the vector control system
for the BDFG (Brushless Doubly-Fed Generator),which observes the stator flux at BDFG power side to
obtain the reference model and design the adjustable model,and then estimates the rotor speed by
regulating the error between two models. A simulation model of control system is established with MATLAB/
Simulink and the simulative results show the proposed adaptive speed observer realizes the precise speed
identification in both static and dynamic conditions and the decoupled control of active and reactive powers.
Experiment is carried out on a small-power BDFG platform and the experimental result verifies the
feasibility and effectiveness of the proposed control strategy.
Key words: wind power; brushless doubly-fed generator; rotor speed; vector control; model reference

adaptive system; stator-flux-oriented



