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Abstract: Accurate prediction of wind speed is crucial for local weather forecasting services (e. g. , dealing
with wind power industry and the Olympic Winter Game). Based on three machine learning algorithms
(LASSO regression, random forest and deep learning), this paper demonstrates three models for adjusting
the 10 m wind speed in North China predicted by the numerical weather forecast model of ECMWEF. First-
ly, the LASSO regression algorithm is applied to identify the features which significantly affect the near-
surface wind speed, among all the available meteorological elements. The extracted feature set is used as

input for each machine learning algorithm to establish a model to adjust the ECMWF-predicted wind speed.
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Feature extraction helps to reduce the amount of computation, storage overhead and the complexity of the

model, hence to facilitate the generalization of the model. The results of the three machine learning algo-

rithms are compared with that of the traditional MOS method. All the three machine learning methods

show a better performance in adjusting the wind speed than that of MOS, indicating great potential of the

machine learning methods in improving local weather forecast.

Key words: ECMWF model, machine learning, MOS (model output statistics), wind speed, North China
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Table 1

Twenty-three meteorological element fields of ECMWF numerical prediction

s ECMWF $({i idft 23 522 %%

1 2 m (2 m temperature)

2 [% 25 7K 244 (snow fall water equivalent)

3 H B A ] (sunshine duration)

4 b % ¥ 408 £ (surface latent heat flux)

5 b 3¢ ¥ K B4R 5 (surface net solar radiation)

6 26 ¥ B4R Bt (surface net thermal radiation)

7 3t F A £ (surface sensible heat flux)

8 % 5 ¥ U 55 (top net thermal radiation)

9 S8 B K i (total precipitation)

10 42 6 h 2 m B = R (maximum temperature at 2 m in the last 6 hours)

11 2 6 h 2 m KR JE (minimum temperature at 2 m in the last 6 hours)

12 10 m &5 [ K43 H (10 m U wind component)

13 10 m £ [ 73 £ (10 m V wind component)

14 2 m % 5 7R (2 m dewpoint temperature)

15 i (orography)

16 Xif i A AL RE (convective available potential energy)

17 S 3479 - 1 < (mean sea level pressure)

18 VA B B (skin temperature)

19 FHE R E K 24 & (snow depth water equivalent)

20 i 1} K (surface pressure)

21 B 24 (total cloud cover)

22 B KR B (total column water)

23 1 [l (land-sea mask)
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Fig.1 The basic model of deep learning
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Fig. 2 Flow chart of machine learning

predicting wind speed
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Fig. 3 Wind speed forecast based
on LASSO model
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Table 2 Distribution of feature weights in each forecast period (forecast lead-time is 24—192 h)

. TR 550/ h
FHIE
24 48 72 96 120 144 168 192
10 m 4 ] K4 i 0.075 0.107 0.107 0.113 0.122 0.147 0.109 0. 080
10 m £ ) K43 1 0. 024 0. 046 0.031 0. 054 0.007 0 0 0
10 m KUk 1. 708 1.588 1.476 1.336 1.202 1.011 0.910 0. 780
2 m % AR 0 0 0.021 0.045 0.034 0 0 0
2 m R 0 0 0 0 0 0 0 0
VIR SR €A 0 0 0 0 0 0 0 0
326 h 2 m i 0 0 0 0 0 0 0 0
S 349 i S T R 0 0 0 0. 004 0.022 0 0.010 0
itk 6 h 2 m AR 0 0 0 0 0 0 0 0
BV 0 0 0 0 0 0 0 0
TR IR 0 0 0 0 0 0 0 0
TUE R K 5 0 0 0 0.002 0.026 0. 069 0.089 0.083
5 7K 2 4t 0 0 0 0 0 0 0 0
1 BRI (] 0 0 0 0 0 0 0 0
b T B = 0 0 0 0 0 0 0.003 0
by 2% ¥ R PR 4 S 0 0 0 0 0 0 0 0
b % AR S 0 0 0.008 0.017 0.053 0. 094 0.120 0.143
NS WER 0 0.001 0.007 0.018 034 0.063 0.07 0.107
by AT % BAGH 2t 0 0 0 0 0 0 0. 007 0
I e A IR 0 0 0.010 0.019 0.043 0. 060 0. 085 0.108
Bk 0 0 0.015 0.001 0 0 0 0
BHEK R R 0.013 0.028 0.014 0 0 0.010 0 0
B K A 0 0 0 0 0 0 0 0
T il 0.026 0.068 0.111 0.163 0.214 0. 285 0.318 0. 364
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*£3 EAF2,1845216~360 h
Table 3 Same as Table 2, but for 216—360 h

; Tt i 550/ h
FHAE
216 240 264 288 312 336 360 T
10 m 4 ] K43 1 0. 040 0.010 0 0. 030 0 0 0 0.063
10 m £ Ju) W 43 5t 0. 020 0.083 0.104 0.047 0.138 0.131 0.162 0.056
10 m KUk 0. 691 0.59 0.506 0. 451 0.437 0. 446 0.425 0. 900
2 m % MR E 0 0 0 0 0 0 0 0.007
2 m 0 0 0 0 0 0 0
XF A AL RE 0 0 0 0 0 0 0
3525 6 h 2 m I i 0 0 0 0 0 0 0 0
ST 45938 - TH SR 0 0.001 0. 004 0 0 0 0.003
325 6 h 2 m AR IR 0 0 0 0 0 0 0 0
B 0 0 0 0 0 0 0
A R 0 0 0 0 0 0 0 0
P VR B K Y 0. 120 0.129 0.193 0.209 201 0.214 0. 190 0.102
[ 5 7K 2 0 0.007 0.018 0. 004 027 0.003 0 0. 004
H AR 1] 0 0 0 0 0 0 0 0
by 3% v BT 0 0 0 0 0 0 0 0
by 2 ¥4 K PH 4 5F 0 0 0 0 0 0 0 0
b 2% AR A 0.171 0.147 0. 247 0. 264 0. 290 0.301 0. 286 0.143
Hi TSR 0.121 0.122 0.173 0.177 0.177 0.166 0.169 0.094
b T /R A A 0.019 0. 020 0.059 0.071 0.099 0. 089 0.083 0.030
5 v VAR S 0.088 0. 049 0. 067 0. 043 0. 041 0.051 0.073 0. 049
B 0 0 0.001 0 0 0 0 0.001
BHK R 0.013 0.087 0 0 0 0 0 0.011
SRR IK 0 0 0 0 0 0 0 0
T il 0. 382 0.417 0. 440 0. 462 0.458 0.455 0. 470 0. 309
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Fig.5 Prediction of spatial distribution of wind speed before and after removing the land-sea mask (unit; m* s ')

(a)correction based on random forest (with land-sea mask), (b) correction based on
random forest (without land-sea mask), (c) correction based on deep learning
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