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Ultra short term wind speed interval prediction based on a hybrid model

ZHANG Jinliang, LIU Ziyi
(School of Economics and Management, North China Electric Power University, Beijing 102206, China)

Abstract: Accurate wind speed prediction can promote large-scale wind power integration and ensure the safe and stable
operation of a power system. There is a problem in that traditional point prediction methods find it difficult to represent
the probability credibility of prediction results. This paper proposes a hybrid interval prediction model based on fuzzy
information granulation, an improved long short-term memory network and an autoregressive integrated moving average
model. First, the original wind speed data is decomposed by a complete set empirical mode decomposition model of
adaptive noise, and the new sequence is reconstructed according to fuzzy entropy. Then the fuzzy information of each
sequence is granulated to obtain the maximum, minimum and average values. Finally, the improved long short-term
memory network model is used to predict the high-frequency series, and the autoregressive integrated moving average
model is used to predict the low-frequency series and the remainder, and then the obtained upper and lower bounds are
summed to obtain the final wind speed interval. Example analysis shows that the wind speed prediction interval obtained
by this model can accurately cover the measured wind speed and provide more valuable decision-making information for
power system dispatching.
This work is supported by the National Natural Science Foundation of China (No. 71774054).
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Table 2 FIG-ILSTM-ARIMA model interval prediction results

o~ SEhRAGE, XU X )/ . SERAE  RGE X [8)/
(m/s) (m/s) (m/s) (m/s)

1 1.18 [0.22,1.91] 30 1.01 [0.10,1.30]
2 1.19 [0.79,2.02] 31 0.38 [0.01,1.39]
3 1.79 [1.40,2.33] 32 1.22 [0.04,1.05]
4 2.74 [0.26,2.59] 33 1.29 [0.96,2.06]
5 3.13 [1.50,3.22] 34 151 [0.73,1.98]
6 2.46 [2.29,3.46] 35 1.76 [1.11,2.10]
7 244 [0.95,3.33] 36 153 [0.60,1.79]
8 2.45 [1.23,2.91] 37 1.60 [0.66,1.74]
9 2.04 [1.24,2.63] 38 171 [1.52,2.09]
10 3.17 [1.39,3.95] 39 1.87 [1.24,2.12]
N N N N N N
25 2.90 [2.82,3.07] 54 2.59 [1.47,2.78]
26 2.35 [1.27,3.41] 55 2.80 [1.99,3.20]
27 153 [1.23,2.61] 56 3.21 [2.50,4.08]
28 1.78 [0.90,1.87] 57 201 [1.31,3.80]
29 1.32 [0.76,1.92] 58 1.87 [0.45,2.34]
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wind speed intervals under different methods
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H 71k PICP PINAW PINRW

FIG-GM 34.48 36.13 36.65
FIG-BP 41.38 25.94 31.92
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FIG-ILSTM 67.24 31.54 33.44
Proposed 93.10 33.43 34.41
FIG-GM 36.21 65.80 66.50
FIG-BP 46.55 19.69 30.59

7H8H
(50) FIG-LSTM 70.18 39.60 51.58
FIG-ILSTM 68.96 14.80 17.62
Proposed 91.38 23.83 26.88
FIG-GM 43.10 58.58 58.61
FIG-BP 58.62 33.18 44.92

108 16H
" FIG-LSTM 62.07 20.02 26.79
FIG-ILSTM 66.67 25.48 27.69
Proposed 91.38 33.23 34.05
FIG-GM 41.38 38.68 38.70
FIG-BP 60.34 19.51 44.96

128 25H
X FIG-LSTM 77.19 29.02 38.69
) FIGILSTM 7897 32.99 37.49
Proposed 89.66 34.04 37.15
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Table 4 Comparison of single-day wind speed interval
prediction assessment for different wind farms
%

7] Jrik PICP PINAW PINRW
FIG-GM 43.10 54.25 55.98
FIG-BP 43.10 29.97 39.73
LOWA FIG-LSTM 71.91 37.50 46.09
FIG-ILSTM 70.69 37.02 46.76
Proposed 89.65 33.90 36.12
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Fig. 10 Schematic diagram of the LOWA wind field prediction
interval for the FIG-ILSTM-ARIMA model
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Table 5 Comparison of prediction assessment of
spike wind speed intervals
%

X% Jii2: PICP PINAW PINRW
FIG-GM 36.21 65.80 66.50
FIG-BP 46.55 19.69 30.59
NWTC FIG-LSTM 70.18 39.60 51.58
FIG-ILSTM 68.96 14.80 17.62
Proposed 91.38 23.83 26.88
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Fig. 11 Schematic diagram of the spike wind speed prediction

interval of FIG-ILSTM-ARIMA model
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