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Table 1 Comparison of evaluation indicators between

improved method and neural network method in Example 1
(March 25 to 31)
Xonaw/ %

K% E U2 1 S0 51 SO 1 223 1 IS 51 S L 220 NS 51
®Kh vk #%ordk ik %k Nk

85 85.42 84.38 14.95 10.00 2.96 2.53
90 90.63 90.33 16.23 11.23 1.78 1.77
95 94.79 95.39 18.59 14.27 0.93 0.89
98 97.92 97.62 19.39 16.10 0.70 0.70
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Table 2 Comparison of evaluation indicators between

improved method and neural network method in Example 1

(June 24 to 30)

s Xpicp/ % Xpmvaw/ % Xywn/ %
Ko MEM B e s e o
ik Ok #Ork Jnik #Unik ik

85 84.82 85.57 15.78 12.12 3.00 2.92
90 90.63 89.73 18.87 14.42 1.09 1.04
95 94.79  95.09  20.91 17.04 0.96 0.86
98 97.92  98.51 21.93 18.27 0.60 0.55
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Table 3 Comparison of evaluation indicators between

improved method and neural network method in Example 1

(September 24 to 30)

Eri XPICI’/% XPINAW/% XAWD/%
Koo, WM BGlE MR ot R dor
Sorik Orik Sorik Jnik %7k ik

85 84.97 85.42 15.45 12.37 2.86 2.67
90 90.03 90.18 17.33 14.41 1.92 1.75
95 94.49  94.79 18.78 16.50 1.05 0.80
98 97.77 97.32  20.34 17.84 0.72 0.51
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Table 4 Comparison of evaluation indicators between

improved method and neural network method in Example 1

(December 25 to 31)

E‘H’fé XPICP/% XPINAW/% XAWD/%
Ke, WM gl MR ok e’ sl
Gk Nk KONk Nk HONE ik

85 85.12 84.23 14.64 10.84 3.30 3.19
90 89.88 89.73 16.81 13.49 1.50 1.31
95 95.09  95.54 18.67 16.01 0.77 0.64
98 98.07 97.77 20.66 16.93 0.53 0.36
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Fig.1 Predictive results of Scheme 1 and 2 under 90%
confidence level in Example 2
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Table 5 Evaluation indicators of Scheme 1 and 2 under 90%
confidence level in Example 2
ot KXpicp/ % Xpiaw/ % Xywp/ %
B g1 mg2 FEL FE2 FFE1 FR2
3H31H 89.58 90.63 14.64 13.31 2.21 1.73
6 H30H 89.58 89.58 16.73 14.49 2.78 2.12
9H30H 90.63 89.58 16.60 14.72 2.43 1.90
12 431 H 90.63 90.63 14.12 13.10 2.08 1.65
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Fig.2 Predictive results of Scheme 1 and 3 under 90%
confidence level in Example 2
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Table 6 Evaluation indicators of Scheme 1 and 3 under 90%
confidence level in Example 2

higibuL Xpicp/ % Xpinaw/ % Xywn/ %

HI %1 %3 FE1 FE3 FEL FES
3H31H 8958 90.63 14.64 13.66 2.1 1.67
6 H30H 89.58 90.63 16.73 14.27 2.78 2.03
9 H30H 90.63 90.63 16.60 14.54 2.43 1.79
12H31H 90.63 89.58 14.12 12.77 2.08 1.82
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Fig.3 Predictive results of Scheme 1 and 4 under 90%

confidence level in Example 2
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Table 7 Evaluation indicators of Scheme 1 and 4 under 90%
confidence level in Example 2
TJﬁ‘U[“J X}’[CP/% XPI\U\\\'/% X.—\WI)/%

Hi ESNPEIRNEINE TRV E N T

3H31H 89.58 89.58 14.64 10.69 2.21 1.47

6 H30H 89.58 90.63 16.73 11.75 2.78 1.71
9H30H 90.63 89.58 16.60 12.41 2.43 1.60

12 A 31 H 90.63 89.58 14.12 10.16 2.08 1.45
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Application of optimizing state number Markov chain Monte Carlo
algorithm in wind power generation

XU Shenzhi', Al Xiaomeng',ZOU Jiaxin® ,ZHANG Shujie’,LI Pai’ ,HUANG Yuehui’, WEN Jinyu'
(1. Hubei Electric Power Security and High Efficiency Key Laboratory, State Key Laboratory of Advanced Electromagnetic Engineering
and Technology, School of Electrical and Electronic Engineering, Huazhong University of Science and Technology,
Wuhan 430074, China ;2. Key Laboratory of Photovoltaic Power Generation and Grid Integration,
State Grid Qinghai Electric Power Research Institure, Xining 810008, China;
3. State Key Laboratory of Operation and Control of Renewable Energy & Storage Systems, China Electric
Power Research Institute, Beijing 100192, China)
Abstract: The state number selection of traditional MCMC ( Markov Chain Monte Carlo) method often depends on
personal experience, it is difficult to simulate the probability distribution and autocorrelation characteristics of
original wind power series at the same time when the method is applied in wind power series modelling, for which , an
OSN-MC ( Optimizing State Number Markov Chain Monte Carlo) algorithm is proposed. Firstly,the state number se-
lection range of MCMC method is given. Secondly,the optimal state number is determined based on the principle of
minimizing the square sum of autocorrelation function error of generated series and original series. Then the cumula-
tive distribution function in the corresponding power range of each state is adopted to generate random wind power,
which improves the simulation accuracy of generated wind power series to the probability distribution of original se-
ries. The OSN-MC and MCMC methods are applied to generate wind power series for 12 wind farms in China,the
United States and Europe,and the comparison with the original measured series shows that the simulation effect of
wind power series generated by OSN-MC algorithm on the distribution and autocorrelation characteristics of original
series is better than that of MCMC algorithm.
Key words : wind power; Markov chain;Monte Carlo method ; optimizing state number ;series generation
S L L O S O SO O S I
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Interval prediction method of wind power based on improved chaotic time series
LI Jinghua , HUANG Yujin, HUANG Qian
(Guangxi Key Laboratory of Power System Optimization and Energy-saving Technology,
Guangxi University , Nanning 530004, China)
Abstract; Wind power interval prediction is to predict the upper and lower limits of wind power at a given confidence
level ,which can reflect the variation ranges of wind power and provide effective auxiliary information for scheduling.
An interval prediction method of wind power based on improved chaotic time series is proposed considering the chao-
tic characteristics of wind power. Due to the strong intermittency and fluctuation of wind power, the traditional
chaotic time series method is difficult to obtain good clustering effect and high prediction accuracy in wind power in-
terval prediction,which affects the prediction results. The ant colony clustering algorithm and support vector machine
are introduced to improve the traditional method by using the strong searching ability of ant colony clustering algo-
rithm and the strong predictive ability of support vector machine,and then better interval prediction results are ob-
tained. The improved method is applied to the wind power interval prediction of wind farms in Britain and Germany.
The interval prediction results of the improved method,the interval prediction method based on neural network and
the traditional method are compared and analyzed at different confidence levels,and the validity of the proposed im-
proved method is verified.
Key words:wind power;interval prediction ; chaotic time series;ant colony clustering algorithm ; support vector ma-
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Table C1 Result comparison among three interval prediction methods in Example 1(March 25 to 31)

% Xeice/% Xeinaw/% Xawn/%
i ¢ Mgk olTTE WZRZITE RGO SohTTE WAM%INE RGTE STk MARN%ITE
85 84.82 84.38 85.42 14.18 10.00 14.95 2.71 2.53 2.96
90 90.03 90.33 90.63 16.00 11.23 16.23 2.00 1.77 1.78
95 94.94 95.39 94.79 18.81 14.27 18.59 0.95 0.89 0.93
98 98.07 97.62 97.92 20.03 16.10 19.39 0.75 0.70 0.70

(B3)

(B4)
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Table C2 Result comparison among three interval prediction methods in Example 1(June 24 to 30)

KT % Xeice/% Xenaw/% Xawn/%
" ¢ Hegnk HGlBIE WMERM% L Gk Mok WMEMBE RGrE Sk Mg Mgk
85 85.27 85.57 84.82 14.94 12.12 15.78 3.21 2.92 3.00
90 89.88 89.73 90.63 17.34 14.42 18.87 1.56 1.04 1.09
95 95.09 95.09 94.79 19.88 17.04 20.91 1.07 0.86 0.96
98 98.21 98.51 97.92 21.87 18.27 21.93 0.73 0.55 0.60
®C3 Bl 3 MEXEFRNA NSRRI (9B 24—30 B
Table C3 Result comparison among three interval prediction methods in Example 1(September 24 to 30)
KT % Xeice/% Xenaw/% Xawn/%
" O gk Hg R WMARM%EE gk Bollik WAk gk Bk Wa Mgk
85 85.27 85.42 84.97 15.60 12.37 15.45 2.94 2.67 2.86
90 90.48 90.18 90.03 17.87 14.41 17.33 2.11 1.75 1.92
95 94.64 94.79 94.49 19.49 16.50 18.78 1.00 0.80 1.05
98 97.17 97.32 97.77 21.07 17.84 20.34 0.76 0.51 0.72
*C4 B3 MXEFNAENGRIE (12 A 25—31 B)
Table C4 Result comparison among three interval prediction methods in Example 1(December 25 to 31)
KT % Xeice/% Xenaw/% Xawn/%
" O Mgk Eg L WMAM%E gk Bollik WAk gk Bk Wamg ik
85 84.67 84.23 85.12 13.23 10.84 14.64 3.82 3.19 3.30
90 89.58 89.73 89.88 16.70 13.49 16.81 1.79 1.31 1.50
95 95.39 95.54 95.09 19.65 16.01 18.67 0.90 0.64 0.77
98 98.36 97.77 98.07 20.89 16.93 20.66 0.61 0.36 0.53
*®C5 B2 o3 MEXEFNAENSGRIE 3 A 25—31 )
Table C5 Result comparison among three interval prediction methods in Example 2(March 25 to 31)
KT % Xeice/% Xenaw/% Xawn/%
" O Mgk HgRIE WMAMKE gk Bollik WAk gk Bk Wga Mgk
85 84.38 84.97 84.67 13.66 9.85 12.29 4.02 3.15 3.53
90 90.03 89.58 89.73 15.41 10.79 14.25 2.17 1.49 1.93
95 95.09 94.79 95.09 18.13 13.80 16.95 1.30 0.99 1.19
98 97.62 97.92 97.77 19.24 15.44 18.65 0.87 0.62 0.82
& Co B2 o 3 MIXEFRAENGRILE (6 A 24—30 B)
Table C6 Result comparison among three interval prediction methods in Example 2(June 24 to 30)
KT % Xeice/% Xenaw/% Xawn/%
" ¢ gk Eg IR WMARM%EE gk Bollik WMk gk Bk Wa Mgk
85 85.12 84.67 85.42 13.57 10.15 13.41 3.90 3.32 3.78
90 90.18 89.29 89.43 16.25 12.85 15.69 2.33 1.81 2.12
95 94.49 95.24 94.94 17.82 14.08 17.15 1.20 1.11 1.34
98 98.07 97.77 98.21 19.75 15.33 18.79 0.97 0.48 0.69
*®C7 B2 o3 MEXEFRNAENGRIE (9 B 24—30 B
Table C7 Result comparison among three interval prediction methods in Example 2(September 24 to 30)
2 KT % Xeice/% Xeinaw/% Xawn/%
" O Mgk Bg I WMARM%K R gk Bollik MGk g Bk WgEmg ik
85 85.27 84.52 85.12 13.16 9.64 12.41 3.70 3.09 3.28
90 89.58 89.73 90.18 15.44 12.46 14.80 2.21 1.72 2.30
95 94.94 94.35 94.79 17.29 13.38 17.07 1.14 1.03 1.06
98 97.32 97.47 98.21 18.76 14.87 19.10 0.90 0.56 0.75
< C8 Bl 2 i 3 MIXEFUN A AR (12 A 25—31 H)
Table C8 Result comparison among three interval prediction methods in Example 2(December 25 to 31)
% Xeice/% Xeinaw/% Xawn/%
" C G SENE MARGINE S SOk WMARSINE RS SeiE MRk
85 85.42 84.82 85.27 14.35 10.35 15.14 4.26 3.44 3.63
90 89.43 89.88 90.03 16.03 11.45 17.11 2.37 1.60 1.85
95 94.79 94.64 95.24 19.04 14.22 18.54 1.38 1.08 1.22
98 98.36 98.21 98.07 20.42 16.39 19.55 0.96 0.66 0.79
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