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W OE: ATHHEIREXASENRAEATRERFIRZITET X, AL KEHITICHE
(LSTM) #r % 2 ## 22 [ 25 (ResNet) A4 2 % & XU T 3B 4 4% 2 ResNet-LSTM. & Al 2019—2020
ERCH IR AT A 39 B A R A TARAEL X 7= R R L AR AL, 3 R TR 5 4 1 2
EEEW ARG BRHATITE, &2 %KW . 5 ECMWF th R 4 T 4% 48 t. , ResNet-LSTM 4% %l 72 7 Il 6
R DL bR RCEE B TS 3F 40 B 4K 7T DLE 8 50% UL b, AR AE 48 7F . 2298 K KA & Rk RUB AN ] 4
& 9, ResNet-LSTM FT DA 38 s A R i 5] 82, 3t 3k 8 R By FLARIT E R R B 3 .
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R RS B S DL g R R — B
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PR s DL R b T 5 A A5 2 1l ™ Y
i o ROk, 8 e v b DR R S 2 XU 1) T 41 B ) XoF
GBI I AT RS LW,

A XU P 4% el PR X ek 4 BRORL B i K
AL B TR0 4R 3 3 ) A B A
(AN 2 P, 1T B S B 25 5 S0 A7 AE B R M
2209 Bl RN R R AT IR R 2 Rl 2=
VIR J5 0 B — BB TR 25 R A TIT 1E . B 50
VIIE 5ok 22 At A X, LA 44 1) XU A2 Ak v
(AR LR MR RRAE 5 TN T2 RE 325 D07 Jofi 4 XU A
SRR b T R A O ASCR S FLA
S0 1) S 5 1) 4 ML (Support Vector Machine,
SVM) Sk a7 T RGHE T IE AL AL R T ) Jx
S ] [ SIS T IE o 5K AR TR AR R

75 HEF: 2023-09-19,
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~# >J #L (Extreme Learning Machine, ELM) %4 ¥ %}
WRF (Weather Research and Forecasting) 5% = i i
B RGE EAT T IE , B/ T R i i 22 . XR AR 460
F 3 % 43 43 #r (Principal Component Analysis,
PCA) Fi144 ] 34 p5 %k (Radial Basis Function, RBF) [%
25 MRS G 1) PCA-RBF 3335, I T WRF 58 X il 412 114
U] R R SRR R R PR K i — 25T
1E, 5 R 1a&4% (Back Propagation, BP) #1245 i
/N 9 37 5 16) 42 ML (Least Squares Support Vector
Machine, LSSVM) 575 4H [, PCA-RBF 51645 #4F
FITTIERCR .

Bl N T A0 28 P28 BRI AN T & i, TR 2 )
JriE TR T BAF A I ER A 22 I 2% (Recurrent
Neural Network, RNN) H1{# LSTM J5 3 76 XU T 41
R B B O R T P SO O I B B
FIFE TR S T LSTM 2% 3% 7 i XL A 7
M, XN EARGEYERIT 4 FKES TR AT
3 AL G A BT A1 LSTM 73 , 45 SR & B LSTM
TE R IRUAR pl F i rh PR e A o
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ERANAY H BB IRV (A B PR R AE S AN SE Y, R
A b R XU B i AE 22 TR R T R 2
UCRFIE , HUANG 25000 45 BH sl 28 ) 2% (Convoluti-
onal Neural Networks, CNN) fll LSTM &5 &, & iR
BRI 2% I A5 APNet, F| F CNN iR A sl 3 HL
RRAIE , 58 BURT BN 3 05 2 AN FRAIE T 91 1 38 )2 B2
R Bl B2 B0 3, )2 CNN XAFTEE B
T4 2% B R 1 TR T, K5 SRR 135 2 FEU Bl 48 X 46 1
YIZR B Bl LA 2B, I HL Bl A I 28 TR B 1 AN
B, W45 1 38 A Tn) A i 7 T A 22 M 4%
(Residual Network, ResNet) Ilj #] DX fi# ok 1B 1k 7]
e

AL, % 30K ResNet 5% 2= 45 #4 Fl LSTM #H 45
B AR T — Pl XU I 24T 452 ) 4 D ResNet-
LSTM. #7# L ResNet /F >4 7 AiF $2 B 5 o0, 1)
LSTM &5 44 i 17 B5F [] 7 41 ¢ 40E 79 7 ] . ResNet Fll
LSTM [ 4% S [F] ) i A 78 e 52 )52 AT DA BCAS  5 o
R I MERE , IF T LU ST R Z M MR 2540 . 1%
B0 STE TR DL 1k ResNet 22 35 3 o B 31
FRAEAE B, R Bt AR5 T — 5 B B (B3 5045 6, 7
3 LSTM 2% AT LAk — 2524 ST B[R] P SARAE . A
SCHI A ECMWE 119 39 N R B 5 1E hy i A B
{8 Fl ResNet-LSTM #5574 X5} 75 5 #b [X %) X 24 71T
1E i

&

AR SCR B R R R AR D (The
European Centre for Medium-Range Weather Fore-
casts, ECMWF) K 15 & 5 43 $F 10 d Tl 4l ) b
(Atmospheric Model high resolution 10-day forecast
(Set I - HRES) ), i [a] 2y 2019 4F 1 J] —2020 4 12
H, 2818150 #% 4 0.125 X 0.125° . ECMWF 3 45
H 00 My (T Sk, M) . ASCdke 78 H 3~
24 h 14l CJa) 1) B 2l 3 h) 2k 7 4> 154 I8 Y
ECMWEF Filfe 7 il , SEBL 1 24 h 32 3 h i R 1 T
iz, ECMWF BB A 39 M IR ER Y, 46
29 /M1 )2 E E (SFC) , 74N 1 JZ2 5 E (PL) 134~
BAZER (ML) (LKD),

AR A PR 3R A G5 T D] - 2256, 44 M 6 445 1) JXL
gy (U) A2 fin X4 (V) (M 16T J2 10u, 10v, 100u

100v; £ /1)Z 950u,950v . 1000u . 1000V ) 55 i, A X
(W), BARN:
W=\U+V? (1)

Xof Ml TAT 23 ik BE BE R 25 HE AT R AR 40 B (2mt-2
md) , K5 EE AH G O R AR Y R SCIR AR
PR (2d 2t skt 55 ) K5 3 17 F 77 sp i Pa ik ¥ ly
hPa, Xt 43 & 1 J2 %040 (r o) i8R — ZE R AN TR K )
JZ A8 (r1 000-r950 ,q1 000-q950) .

A K B B N A S O B 220 6 10 m XU 4
GifE BRI AR 2 (IR S kb i 5 ) L 4%
ECMWF T (1 5 b5 28 e o B 200 1 o A A4 22 324
R R BE A 2] B 0 i A REAE , 44 7 ResNet-LSTM X
BT AR

2 FiE
2.1 KEHICIZME

LSTM & RNN B i A2 4, 2 1 3¢ JIk RNN
4 S AR ) T 5 | AP o XU s (1] 31 5L AT
S BRI, LSTM BE A58 120 2% > K B ¢
R, Wl b X EL A R et SO AR 194 B R 5k 1 T
JG b B BRI, AR SC A LSTM AR Y Ay S 4E 28 X6 XL
AT

7E LSTM Hh | £7fitf BT 2 b B S A6 1 10 4%
O, FRICARAS AT DLGE b g A1) (35t ) R R 1]k
PP AE B . FRUER) LSTM 5 LT -
fi=a(Wyxt + Wyh, + Wye, | +b)
L,=0(W,x,+ Wh,_,+ W.c,_, +b,)
g, =tanh (W x,+ W, h,_,+ W, c,_, +b,)
c,=f*c,_, +1,%g,
o,=0(W, x,+W,h,_,+W,c,_,+b,)
h,= ot + tanh(c,)
XA w=(x,0,,0x) 8 i B 2 JE
Fiv i e 0 AR RBURT] VAT GCIZ A0 R B
CIFRE T W b 43 R B IC I A L AL
AR R AR A s o (¢ ) Fl tanh (- ) &
AN R, E LN

(2)

o(x) = (3)
1+e¢
tanh(x) = ¢ - e:’” (4)
e +e”
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Tab.1 39 Kinds of meteorological variables of the ECMWF numerical prediction
DS oS JF45 SRELUERY
Mt 2 (SFC) 1 10 m & i1 JXL (10 metre U wind component )
2 10 m £ 1 JX. (10 metre V wind component)
3 2211 & 71 (Surface pressure)
4 FEBRIK B (Total column water )
5 2 miiJE (2 metre temperature )
6 2 m % 15 IR BE (2 metre dewpoint temperature )
7 S /K 4t (Total precipitation)
8 X7 AT H3A6E (Convective available potential energy)
9 1521 (Total cloud cover)
10 S H3SF- 1S (Mean sea level pressure)
1 %I K 7K (Convective precipitation)
12 i 1 (Low cloud cover)
13 100 m £ 11 X (100 metre U wind component)
14 100 m £ [ X.(100 metre V wind component)
15 JKZ%HE 4 (Total column water vapour)
16 F2 1M E (Skin temperature)
17 THU )52 18 2% (Forecast albedo)
18 3222 3 h 10 mB4JX(10 metre wind gust in the last 3 hours)
19 iF2 3h 2 mBYRARTELE (Minimum temperature at 2 metres in the last 3 hours)
20 j325 3 h 2 mAb A = T2 (Maximum temperature at 2 metres in the last 3 hours)
21 BUE VR (Snow depth)
22 HE L (Visibility )
23 0 5% [ J3 4635 1 /77 2 (0 degree isothermal level (atm))
24 U T (Accumulated freezing rain)
25 KALHE K (Large-scale precipitation)
26 [% 7K 28 (Precipitation type)
27 5% i (Snow density )
28 W& 1t (Snowfall)
29 TR (Sea surface temperature)
JEJJJZ(PL) 30 AHXHE EE (1000 hpa #1950 hpa) (Relative humidity )
31 {8 (1000 hpa 1950 hpa) (Temperature )
32 JAEF % (1000 hpa 11950 hpa) (V velocity )
33 JAZ: 1535 E (1000 hpa 11950 hpa) (U velocity)
34 3 138 5 (1000 hpa F11950 hpa) (Vertical velocity )
35 H 1% (1000 hpa #1950 hpa) ( Specific humidity )
c {37 7% (1000 hpa #1950 hpa) ( Potential vorticity)
A Z (ML) 37 7 Pkt (Specific cloud ice water content)
38 7K & (Specific cloud liquid water content)
39 =434 (Fraction of cloud cover)
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2.2 fn\ ResNet &R %

TR B 35 FH b 25 W 4% (Deep Convolutional Neural
Networks, DCNN) By T 545 Jay &8 DX S8 2% i | 1 25 35
SRR FAEE I A A, B 43 28 SR N )
ZHHBG T E R, {H/Z& DCNN 77—
o [m] R, G e o DR 285 )22 B IR 2 s B 3 2k )
T 5 2 M T 10 T % 0 L, S 5 4 TR S A5R 5 R 45%
R B ARCR AN S B 2 J 2 B 1 i AR A5 B 455

R TR bR A HE S50 T AR 2% ) 4%
ResNet, B 5] A %% 22 5t (Residual Block ) #4) 2 % )2 4
2 FREIZERILIE 1, Hod x R A H (O A
L FOxO) S FR 22 Wi pR L

K11 ResNetsk22HshHy
Fig.1 Residual Block Structure of the ResNet model

ResNet-LSTM # Y J2-1% ResNet g JE AR i I+
LSTM R4 , LA - LSTM 52 W 25 311 2 FR] XEE (14 7]
1. ResNet-LSTM #5571 J A 25 4 0 35 i A JZ
LSTM J2 k2= i 32 )2 A 2 . A2 F T4k
JEAN 4 LSTM 2 BRI LSTM 2, A0 5 i A
T B T] T A AR 22 )2 N AE LSTM 2
SRS INER2E R S (1 ) =h(2 = 1) + F(h(t - 1),
x(t), P FERFELSTMZ k(1 - D)ER E—2M
B R x () FR7R S HTH A 52 R 9 )
o

ResNet-LSTM & 74 iY TAF 5 EE A -

O B AP I St AJZHEALSTM 2

@LSTM JZ i [A] 25 T H 5 A B 125 i i 1
THIEAS B IR AR 251 4 5

@ R ZEEER R (- 1) B E—BHAE 2 LSTM

JER S, 5 F (R = 1),x(0) )R, 7521 25 Fif i 1)
T A (L )s

@¥ h(e)1E R T —BfE 2 LSTM JZ 15 A
B EEE N A - 1), R IR,

@ HELBOQ-@, & EIEA BTN
RIS

© AT LG, AT N 48 250

P BV 2K I T, 3873 Y TR J2% LSTM I 45 1R
MEVIN 25, 5% 22 34 12 ) mT LA A 260t ok i A I 3L, fifi 75
W 4 B 25 Gy Ak 5 o A, % 22 34 B2 RO I 4% K 2 i
W, IR A LSTM R2% 5 [Al i), & 38 a] LAYs b
o BE 13 OB, RS I Rk L, 28 BT R,
ResNet-LSTM [ = 24 55 76 F A S I ZrAfpidk
B IO B i T RS0 M RE , IFE T SR 2 1 X 45 45
1 o BSOSO TR T ER 25 35 5z, B T A0 M i kb
35T LSTM 4%,

5 1t , ResNet-LSTM £ %k H R St A &4
(A B 0] 3 471 2 S HESR 22— FEVT 24T 55 R R
BRI RE , B 3 1) 2 > Sk 1 EE LA Y P 25 A
KT o PRI, A% 3Cff ] ResNet-LSTM A5 7 %) 7
55 b DX XGH A T T IE T

3 HEAITERRRKITEANBA
3.1 EEMEEEITE

A SR AR AR (1) i A B SRy 5 3l T S UL %
Bl DL 2019—2020 4 ECMWF il 42 B3 AE h B3
£, FH T 25, TiT 80% K B A i ] 72 41/ My I
R4 10% 1F A B uEAE (4R 10% 1R AR T
oy B AR R VERE o A ST TR I 250k 3~ 12 h( il 1]
Bk 3 h) o BE T AR R4y B B R iR AL B 1Y
ECMWEF il % K 74 A I 25 i o A 780 (o 2% e | 5 %)
DU A R 0000 85 58 5 X6 Bl XU 7 9300 245 S A 52 s JRL
T E g DARE KT S R LR A HE R T 4
(Threat Score, TS/ A A e bRifE , S0 bR A5 FE
TR AL 25 125 B Adam P fb 5303 301 2% pRBICR R 35
J7 0 BRI TG FE R R AR 2

R T HC AN T A DR BR8] 2 T ik R
ROk H R AR SRR FR A R T H I BUNAE 5
SRR ZENE O . o LA

)5 Hi% 2% (Root Mean Square Error, RMSE)
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(5)
SE- 46 %F 1% 2% (Mean Absolute Error, MAE) :
1 —
EMA:*z‘xi - X (6)
n i
6% 2 %1 (Correlation Coefficients, CC) .
- COV(xnx_i) (7)

Var( x,) Var( x_, )

A e A IIAEL s, AT TR s n A G815 52 6
RECH o it XU AR PE BB B, RMSE . MSE #il
MAE $U{E AL, R R IR 47, CC B E I T 1,
R 25 BT

L] B P 6 9% LA 1 [ IR A o, KUK T 41 25
BUERRAR (TS HA N

TS X 100% (8)

T (N, + N, - N)
SR [ B 22 T (O (4 7 % AL 6 %
DL B R 5 V5 S 7 % KL 6 8 LA 1
Bk N, o TR KL 6 % LA it

3.2 HAENTEMER

VENCAE H 3~24 h T4z (B[R] [E] B 3 h) 2 74>
Tl B 250 ECMWF FL4R 7™ i, ol B OBUER A i {
B HAG {2135 55k 11 25 ResNet-LSTM 5 7 75 ]
il i A KGR TR 1T OE 5 SR IR AT AN . T S R
PRALEI 5 086 PMHEA , A HEAA 39 MFAE s i T
Vg Ky vl il = S ERE AR A4, R S5 sl YO I S0 4 ke 2 A
% JEEEI 4 043 A AN FEAA 394 FFIE . #8E
TP BB Y TP AR A v A 5 B 7 XU T 2 5 HERA 2R LA
SAERITT IR S5 ULMME A 1 iR 22 . R HCA [m] 2=
W ZEMAZE) 3 HD BRI TR (LR 2) .

DASA Ity 5 15 Rl 2 Gt 2020 46—
TH(EZ)M11—12 A (%4ZF) 8 H KK 24 hix3h
6 Z LA b PR TR B R 70 L, 5 SR L3R 2. AR
ECMWEF, ¥ Z ResNet - LSTM ) RMSE [ {i% T
37.8%, TSTE4r Tt T 30.5%; 4 7= ResNet-LSTM [
RMSE [k T 34.6%, TS #F4r 4271 T 22.7%., 7 A 23
H 02 B (UL &l 2b 1) 168 B Z1) ) , 7 &5 3 5 s XGH
17.3 m/s, 1fif ECMWF 9 Tii 4 45 5 4 31.8 m/s, T4 {EL
Fb SEBRAE K 14.5 m/s, ™ 5 &5 Al T BE XUOXGE | 1

K2 F 5y EZ A3 h 4 XOULINE . ResNet-LSTM il (i Al ECMWF Hi 4§45 5%t
Fig.2 Comparison of 3-hour gust observations, the ResNet-LSTM predictions, and the ECMWF predictions at Qingdao Station in

summer and winter in 2020
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®2 2020 EEFMESTE D006 R EFERBN S R3TEE
Tab.2 Comparison of forecast results for gusts above level
6 at Qingdao Station in summer and winter in 2020

BT [ TS RMSE  MAE CC
HE ResNet-LSTM  0.55 1.42 1.06 087
ECMWF 0.42 2.29 1.77 082
L &s ResNet-LSTM ~ 0.72 1.49 118 0.93
ECMWF 0.58 1.93 142 087

ResNet-LSTM [T IE 455 A 21.3 m/s, 532 Br{E Ik
WL, 11J1 18 H 05 B (UL & 2a iy 39 1) , 7 5%
il 52 BR XU R 8.5 m/s, ECMWEF (9 il 41 45 5 &
18.1 m/s, L SZPRAE K 9.6 m/s, 1fif ResNet-LSTM ({37
IEZ5H 12.9 mis, 3X @7 Y ResNet-LSTM 55 70 X
R TR AT 3 T IE RO . R 2b AT L
i, Z2 80 2] ECMWE i XU (1) T 1% #0777 1 Ak PR
%, 1 ResNet-LSTM A RIS -1 T T R AF AT IE

PN/NESE Rl NI et = SN o -
14.8 kmo K2 Byl VA T B 30 e v I8 3l 6 4F X
PRI, HH 5 30 1 M T A AR AT 1 225 38 X
AR o A SCREIUOR A 5 i A S 1 85 3 i 4R 3R
PR &, PEE 2020 4F 6—7 A (. Z) M 11—12 A (&
Z5) B H AR 24 hiz 3 hBERL6 2% L) b Tl 54 i1 7
ST, 45 B 036 3, AHE ECMWE [ il 45 51, B =&
ResNet-LSTM #74 f1) TS ¥F-4r 2 7+ T 22.6% , RMSE
A T 9.8%, Ifii & 2% (1 TS ¥F 43 #& 7+ T 88.9%,
RMSE [FE{I% T 14.4%, iX # B ResNet-LSTM £ 7Y 1]
DA - bt 1 T30 50 40 22 T 0 4 DG SR, A 008/
ECMWF #5529 T 158 22 , 44 v XU S0 o 1 2%

DL S5 5 R X S b 7, ECMWE Tl i
RS B g 5, AT R 2 B 3k, ECMWIF [ T 25
T2 A% T ResNet-LSTM #51 6] LU 243 T 1E

£ 3 2020 FEFFZFT KRB 6 HIL EPERTTNLE R 3T L
Tab.3 Comparison of forecast results for gusts above
level 6 at Dagongdao Station in summer and winter in 2020

T ik TS RMSE  MAE CC
S ResNet-LSTM 057 3.28 199 081
ECMWF 0.47 3.64 232 078

K2 ResNet-LSTM 0.34 3.26 2.68 0.64
ECMWF 0.18 3.81 2.93 0.43

x4 20205 BEFNESFF RN E M6 R LR
XTI 25 SR RMSE Xtk
Tab.4 Comparison of RMSE prediction results for gusts
above level 6 at Qingdao Station in summer and winter in
2020 with different forecast time limits

" RN
Z AR
3 6 9 12
H7  ResNet-LSTM 154 135 1.30 1.43
ECMWF 236 270 2.72 2.40
& Z  ResNet-LSTM  1.25 1.42 1.71 171
ECMWF 160 1.96 2.08 2.83

ECMWF Ry i 45 1, F= @ AL b i A 8 [ B 42
e S XU FRS
W S AR B 0 3~12 h T I 3k 1) 45

AT G, T A T B A% RMSE . AR 4 il
# 50 LLFE H , ResNet-LSTM # 71 () RMSE ik T
ECMWEF, Fif # 75 75 & i & = BRI 35.4% , & &
V- I REAR 21.3% , 7E R By ol 2= - Y[R 12.2%,
ATV AR 8.3%, XTI IR 2 27 2 Jy B X AN [F]
I 2% Y ECMWF XU 4l b 47 T AN [E RS TTIE I H.
VLT VRN Bt e A R, B O (T 8
) T IERCR B

R5 2020 FEFFEF KRN BIEAEFHARI6 I EFE

XU 45 SR RMSE X bk
Tab.5 Comparison of RMSE prediction results for gusts

above level 6 at Dagongdao Station in summer and winter
in 2020 with different forecast time limits

" SUEFGE )
1y Rl
3 6 9 12
HZ  ResNet-LSTM 254 2.57 2.64 2.97
ECMWF 324 282 3.10 354
%7 ResNet-LSTM  3.43 2.85 2.36 3.48
ECMWF 391  3.07 2.73 3.82

3.3 AR KUEFHRAFIITIE

BUE R B R H B (E TR MR AR
BB ARSI 23 (8] o AR SC e BUP A [ 6 7R
AR IR (B R R TE T AR , 23 % A
B T BE o
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2022 4F575 125 5 WM AE " 25 T 5 Hb IXORN 3T 1
T R KRG o 5 R MEAE ™ AT e 5% 1 R <R
G A B B o B — B Bz 5 AL TR R S
FEEEE 9 A 14 HRB—AXK, KB i 5
VLRI . 9 J1 14 H 14 3 h K48 B i 4 XXk
ik 24.7 m/s, I ECMWF A4 T 4% 45 5 H 47 16.6 m/s,
55z bR{EAH2E 8.1 m/s, T ResNet-LSTM #L# f# 3T 1E
g5k 24.4 mis(WLIE 3a) o 5 i BEA & KA IR ER
TR, B[R] 15 H R /F—16 H , B 5200 X 3N
T 5 b RGO I LY B A K KUK B
TERA S, 1290 (KGE R 33.0 m/s) , ECMWEF [ )X
AR 25 A 23.1 m/s, 52 PREAH 22 9.1 mis,
1M ResNet-LSTM £ %Y 4§71 1F 2% 5 8 29.4 m/s. %t
T 6 2 L | B X, ResNet-LSTM # %I ) RMSE &
3.76 m/s,ECMWF >} 5.9 m/s, ResNet-LSTM Ay 17T 1E
ROR A

Xif 5 KU HEAE 1oL FE 42 BE R XA TS R 6 ¢ LA I .8
KLL B0 UL F AT B s R g, 45 2R L3 6.
5 ECMWF #H I, , ResNet-LSTM # %I 11 6 2% L) I [
KU TS 3 43 32 7 53.33%, 8 2% LA I 4 XU3R TF
76.47%,10 9% D) I [ X4 T 66.67%

T—WRE B T AR FER R,

#6 &AX “iE1L"HE ResNet-LSTM # & 5 ECMWF i
MZERXTEE
Tab.6 Comparison of the ResNet-LSTM and ECMWF
prediction results during Typhoon "Meihua"

(5 TS RMSE MAE CC

ResNet-LSTM(6 4% LA I~) 1.00 3.76 284 067
ECMWF(6 %L1 1) 0.65 5.91 517 073
ResNet-LSTM(8%%Lk )  0.82  4.24 309 055
ECMWF (82 I-) 046  6.58 576 042
ResNet-LSTM(104%L4 I-) 033  3.76 307 064
ECMWF (104 L) I) 020  7.03 6.56  0.46

PLIET R ICULEI3b) o X el F 4 BE R IXUXL T 6 2%
L BT 9L bk Ay w0, A5 R R
ResNet-LSTM #5& 5 6 5% 1 7 2% L) 1 4 KUY TS $F43
PR T 50% (L 7).

BRI IE T L5 R % B, ResNet-LSTM £ 7l
X AN [R) 3 R R TR S 41 A B s 25 I 34, L
TE K KRR B T4 19 RMSE F11 TS 3 43 ¥ 4 T
ECMWEF [ il 42 25 5 . W 0k vl LAE ), ResNet -
LSTM 45 7Y 38 5f 78 4 42 4 VLI B 4 =2 [ 1 B 56
FOE—EBRE EVReh TEUE R IR A A, X

3 RTA) sk 5 R A R . ResNet-LSTM Fitiill £ 41 ECMWF T4 25 52 % e
Fig.3 Comparison of observed values, the ResNet-LSTM predicted values, and the ECMWEF forecast results for weather processes

at different stations
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£ 7 +—FHHE ResNet-LSTM 2 5 ECMWF Fill 45
Rtk
Tab.7 Comparison of the ResNet-LSTM and ECMWF
prediction results during cold wave

[0 TS RMSE MAE CC
ResNet-LSTM(64¢1 ) 090  1.41 110 0.89
ECMWF(64% L I-) 060 201 1.62  0.86
ResNet-LSTM(7#¢LA F) 075  1.47 115 083
ECMWF(7 4L 1) 050 219 175 085

T R T RE A B YT T IRV
4 B 5

A SCHE TR A R E 2 ) B ResNet-LSTM Xif
ECMWF A5 27 it (0 XU il i 45 SR A 71T 1E , B ik
TR AR K LT 1 5 T A PG A0 e A 5 I B
TR 2= S BUE R S WR B AHSS S AT W
DR R, EEERUT

OF H ECWMF [y 39 Bl 42 28 5 A4 EE i) 7 L
W AERAE R4 | 1 ResNet-LSTM A7 3k st XU
TR TIT I , 45 5 32 BB R A A7 20l 38 XU il
(e

@M% T HUE T4 , ResNet-LSTM 7Y 5t 6 2
DA b B RUTUAR %) TS 3743 3% A4 AT DL 1 50% LA I,
TooRs BE$E T . RSB35 3k K B, ResNet-LSTM
AT LA B8R0 R IR 4 [ A8, ek s o, XU F 4R 3T 1
LETE

A2 B A — R BR . A e ml P22
R R B 2% ) J gk AT o K B ) RUBE (A 48~
72 h) B XGE TR . 53 A A A i R A A (R
Bk R Sl iR 22, JUILTE HUE &2 4% X8, A
{ELIS R 25 T b 5 6 SR AR AR () 52 ), X — 15 22
S| N BIREE 2 S A

B, ResNet-LSTM A5 Y S — Rl i K it 1
JEE A SRR R A e A SR R 7 R X HLR
A 55 FEICHE B 305 RS TR, 5 SR BBURH I 1 6 R
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Research on wind speed forecasting correction based on deep learning

YANG Fan', LIU Zhifeng”, REN Zhaopeng', CUI Tianlun’, YU Yang’
(1. Qingdao Meteorological Service Center, Qingdao 266003, China; 2 Huangdao Meteorological Bureau, Qingdao 266400, China; 3 Qingdao Tianyang
Meteorological Technology Co., Lid. , Qingdao 266400, China)

Abstract: A novel wind speed prediction model, the ResNet-LSTM model, is proposed combining the Long
Short-Term Memory (LSTM) model and Residual Network (ResNet) model. By using 39 kinds of numerical
weather forecasting products from the European Center for Medium Range Weather Forecasting (ECMWF), a
deep learning model is trained to correct wind speed forecasts. The results show that compared with the ECMWF
results, the TS score of the ResNet-LSTM model for gusts above level 6 has been increased by over 50%. Further
analysis shows that the ResNet-LSTM model can effectively solve the fail report problem and improve wind speed
forecasting corrections.

Key words: ResNet model; Long Short Term Memory neural network, wind speed; forecasting, correction



