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;d=R-S., i o Spearman p. [-1,1] °
2018 , 15 o
10 m 30m S0m 70 m . . N

. . o 2018 Spearman

, 1 . ,Spearman 091;

10 m ,Spearman 0.90; -0.09,
. 10 m 30 m S0 m 70 m

1 Spearman

Tab.1 Results of Spearman analysis between wind power and influence factors

10 m 30 m 50 m 70 m
0.87 0.88 0.90 0.89 091 0.05 -0.09 -0.04 0.08 1
, o , 1
N 10 m 30 m S0 m 70 m
6 Spearman ,
. 10 m . 30 m N
50 m N 70 m N
2~ 7 o
2 Spearman

Tab.2 Spearman correlation analysis results between current wind power and historical wind power

5:00 5:15 5:30 5:45 6:00 6:15 6:30 6:45
5:00 1.00
5:15 0.98 1.00
5:30 0.96 0.98 1.00
5:45 0.94 0.96 0.98 1.00
6:00 0.92 0.94 0.96 0.98 1.00
6:15 0.91 0.92 0.94 0.96 0.98 1.00
6:30 0.90 0.91 0.93 0.95 0.97 0.98 1.00

6:45 0.88 0.90 0.91 0.92 0.93 0.95 0.98 1.00
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3 10 m Spearman
Tab.3 Spearman correlation analysis results of current generation power and wind speed at the height of 10 m at some time

10 m

5:00 5:15 5:30 5:45 6:00 6:15 6:30 6:45
5:00 0.92
5:15 0.90 0.92
5:30 0.89 0.90 0.92
5:45 0.87 0.89 0.90 0.91
6:00 0.85 0.87 0.89 0.90 0.93
6:15 0.84 0.86 0.88 0.88 0.91 0.92
6:30 0.83 0.85 0.86 0.87 0.89 0.91 0.93
6:45 0.82 0.84 0.84 0.84 0.86 0.88 091 0.92

4 30 m Spearman

Tab.4 Spearman correlation analysis results of current generation power and wind speed at the height of 30 m at some time

30 m

5:00 5:15 5:30 5:45 6:00 6:15 6:30 6:45
5:00 0.92
5:15 091 0.92
5:30 0.90 0.90 0.92
5:45 0.88 0.89 0.90 0.91
6:00 0.86 0.87 0.89 0.90 0.93
6:15 0.86 0.87 0.88 0.88 0.91 0.93
6:30 0.85 0.86 0.87 0.87 0.89 0.91 0.93
6:45 0.83 0.84 0.85 0.84 0.86 0.88 0.90 0.92

5 50 m Spearman

Tab.5 Spearman correlation analysis results of current generation power and wind speed at the height of 50 m at some time

50 m
5:00 5:15 5:30 5:45 6:00 6:15 6:30 6:45
5:00 0.94
5:15 0.92 0.93
5:30 0.91 0.92 0.93
5:45 0.90 0.91 0.92 0.94
6:00 0.88 0.89 0.91 0.93 0.95
6:15 0.87 0.88 0.90 0.91 0.93 0.94
6:30 0.86 0.87 0.88 0.90 0.91 0.93 0.95

6:45 0.84 0.85 0.86 0.87 0.88 0.90 0.92 0.94
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6

70 m
Tab.6 Spearman correlation analysis results of current generation power and wind speed at the height of 70 m at some time

Spearman

70 m

5:00 5:15 5:30 5:45 6:00 6:15 6:30 6:45
5:00 0.67
5:15 0.67 0.68
5:30 0.67 0.67 0.69
5:45 0.66 0.67 0.68 0.70
6:00 0.66 0.66 0.68 0.70 0.71
6:15 0.65 0.66 0.67 0.69 0.70 0.71
6:30 0.65 0.66 0.67 0.69 0.70 0.71 0.73
6:45 0.65 0.65 0.66 0.67 0.68 0.69 0.71 0.72

7 Spearman

Tab.7 Spearman correlation analysis results of current generation power and wind speed at the height of hub at some time

5:00 5:15 5:30 5:45 6:00 6:15 6:30 6:45
5:00 0.94
5:15 0.93 0.94 0.90
5:30 0.91 0.93 0.94
5:45 0.88 0.90 0.91 0.94
6:00 0.86 0.89 0.91 0.93 0.95
6:15 0.86 0.89 0.90 0.92 0.93 0.95
6:30 0.85 0.88 0.89 0.90 0.90 0.93 0.96
6:45 0.82 0.84 0.86 0.86 0.86 0.88 0.92 0.95
Spearman 0.9 ,
° , 6:45 , 5:15.5:30,5:45 .,6:00
6:15.6:30 ,6:30 10 m ,6:30 30 m ,6:15.6:30 50 m
6:30 o
2 CNN-LST™™M
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Fig.3 Comparison chart of forecast results on April 9th Fig.4 The relative error curveof prediction on April 9th
8
Tab.8 Error comparison of prediction results
BP MAE LSTM MAE CNN-LSTM MAE
4 6 2.76 2.18 1.68
4 7 3.38 2.25 2.17
4 8 4.19 2.97 2.79
4 9 391 333 3.02
4 10 443 3.17 2.80
8 , CNN-LSTM 2018 4 6 2018 4 10
€\nE BP LSTM CVAE CNN_LSTM o
4
, CNN-LSTM ,
1) Spearman , ,
2) CNN-LSTM , CNN , LSTM
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Short Term Wind Power Prediction Based on
CNN-LSTM Network Model

Li Yan'? ,Peng Chunhua',Fu Yu?,Sun Huijuan'

(1. School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China;
2. Ganzhou Power Supply Branch of State Grid Jiangxi Electric Power Co., Ltd., Ganzhou 341000, China)

Abstract: Wind power forecasting is vital to the stable operation and economic dispatch of power system. In or-
der to fully mine the effective information in historical data to improve the accuracy of short—term wind power
prediction, a short—term wind power prediction method based on convolution neural network (CNN) and long
short—term memory network model(LSTM) is proposed. The effective information was extracted by CNN sequence
feature extraction ability, and the data was input to LSTM network after other information was removed. The
problem of gradient dispersion could be solved by keeping longer effective memory information, which made up
for the lack of instability and gradient disappearance when the LSTM network model was faced with a long se-
quence. The results show that the method proposed is more accurate than the back propagation neural network
and LSTM network.

Key words: wind power prediction; convolutional neural network (CNN); long short —term memory network

(LSTM); CNN-LSTM network model



