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Wind power probability density forecasting based on

deep learning quantile regression model
LI Bin,PENG Shurong, PENG Junzhe ,HUANG Shijun,ZHENG Guodong
(School of Electrical & Information Engineering,Changsha University of Science & Technology , Changsha 410114, China)

Abstract ; Aiming at the problem of wind power forecasting,,a deep learning quantile regression based method is pro-

posed based on the existing forecasting methods and probabilistic interval forecasting. The method adopts Adam ran-

dom gradient descent method to estimate the input, forgetting, memory and output parameters of LSTM ( Long Short

Term Memory neural networks) under different quantiles. The probability density function of wind power at each mo-

ment within 200 h in the future is obtained. According to the actual wind power data from PJM network in the United

States , the simulative results show that the proposed method can obtain accurate point forecasting results and com-

plete probability density function forecasting results of wind power, compared with the quantile regression of neural

network , it has higher accuracy and smaller range of forecasting interval under the same confidence.

Key words: LSTM ;nuclear density estimation ; wind power probability prediction; LSTM quantile regression ; proba-

bility density distribution
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Fig.Al Probability density function of wind power forecasting for QRLSTM



# A1 RQLSTM ‘5 RQNN Fiill X &) bk 4%
Table Al Predicted interval comparison between RQLSTM and RQNN

RQLSTM T30l IX. i) RQNN TH0 X ] R 2
[113.3,227.5] [92.0, 276. 8] 71
[131. 6, 250. 3] [109. 0, 296. 2] 68
[160. 2, 258. 2] [135. 5, 326. 3] 65
[160. 2, 323. 0] [164. 5, 358. 9] 63
[276. 4, 422. 1] [244. 1, 447. 0] 57
[316. 5, 467. 0] [281. 8, 488. 0] 56
[322. 0, 473. 0] [286. 9, 493. 6] 56
[317.2,467.7] [282. 4, 488. 7] 56
[315. 9, 466. 3] [281. 2, 487. 4] 56
[300. 2, 448. 9] [266. 5, 471. 4] 56
[187.6,318.6] [161. 0, 355. 0] 63

[88.6, 196. 1] [69. 1, 250. 5] 74
[47.7,143.2] [31. 3, 206. 6] 80
[31.8,122.2] [16.6,189. 4] 82
[48.9, 144. 8] [32.5,207. 9] 80
[87.6,194.9] [68.2,249. 4] 74
[96. 6, 206. 3] [76. 5, 258. 9] 73
[63.5, 163. 9] [45.9,223.6] 77
[34.8,126.2] [19.5,192.7] 82
[52. 6, 149. 6] [35.9,211.9] 79
[72.0,174.8] [53.8,232.7] 76
[94. 5, 203. 6] [74. 5,256. 7] 73
[131. 9, 250. 6] [109. 2, 296. 4] 68

[142.7, 264.0] [119. 2, 307. 8] 67
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