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Fig.2 Wind speed prediction performance of the ensemble average of four centers in the Yellow Sea and Bohai Sea
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EM 1.90 5.17 0.11 78 42 580
WEM 1.92 5.12 0.12 87 47 571
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LSTM 1.61 4.07 031 243 136 415




61 XEANGE BT GERITR L 27 > HOR B B SR KR 5 T DT 39

I BOHERCR A W [B] A 3N 2 A 0/, 6~7 d By Tl i 22 B &
MR R, WEM AHXT EM 7E R XUXGEE: - B% KT BCWEM, i K XA BZ 1 LSTM 7 284~ il

BT LA S L, e 2 KGR B i iR 22w iR B B

PRI, 7F 20 B 02 Bif i) 4 XUk B 14 [, BCWEM TEHL 72 h AT 168 h Tl Bk 4 A7 Ay Jaci 440 0 v B

FILSTM AT EM I WEM BSOSO B (L A6, X b 4 208032 i ol o XUl 19 41 A g (L ]

B 5) . 1R BUERAK N, LSTM TR Y 6). 7EH TR L, EM A1 WEM T (14 il s XUk

X F BCWEM; 7E 4 KU BN, LSTM I PR LA SA047 7 55 XU B i = 8 XU B A A0 A9 AR A1, #8065

2.40 7.0
2.20
6.0
2.00
E £ 50
3 1.80 2
w2 w2
z 2
1.60 4.0 1
1.40
3.0
1.20 T T T T T T T T T T T T
0 24 48 72 96 120 144 168 0 24 48 72 96 120 144 168
FHAR I TR IS K
a. AXGHE b KRR B
— EM —— WEM —— BCWEM —— LSTM

F5 A7 i R P R 22 BE T i 22 4l

Fig.5 Variation of wind speed prediction error of different methods with prediction duration

20 PrAEZ 20 aR11555 20 AR11355 20 FrufE2k
— WA — WAL — WAL — WAk
16 16 161 16 )
Ep En PR E 92
~ ~ ~ ~
o o o o
8T . = 87 =8 =8
4 Tl RE04 4 R 0.4 4 ©RE#:0.58 47 Fl%:0.61
0 2.4 o HhpE:2.47 0 #i:1.16 o #ilt:1.26
0 4 8 12 16 20 0 4 8 12 16 20 8 12 16 20 0 4 8 12 16 20
MR/ (m/s) MR/ (m/s) MEIAE/ (m/s) WAL/ (m/s)
a. EM-72h b. WEM-72 h ¢. BCWEM-72 h d. LSTM-72 h
20 FRifELk 20 FriflLk 20 FriflLk 20 FrifELk
— P — AL — WA
- 16 - 16 161 - 16
E E E E |
12 T2+ 12 T 12
b b b b
=R % 1 Sl EY = .
4 #1003 4 #1#2:0.29 4 L R1H:0.46 4 " R12:0.49
0 2,83 0 Hei:2.89 0 g Hei:1.58 o #:1.6
0 4 8 12 16 20 0 4 8 12 16 20 0 4 8 12 16 20 0 4 8 12 16 20
WA/ (m/s) MLAE/ (m/s) MLIAE/ (m/s) MEMAE/ (m/s)
e. EM-168h f. WEM-168 h g. BCWEM-168 h h. LSTM-168 h

FEl6 AR T AE R A 72 hA A 168 h 1838 a5 XU X0 R 41

Fig.6 Wind speed observation and prediction of stations in different prediction methods at short-term 72 hour and medium-term
168 hour



40

AR

39%

e 1825 s BCWEM Sk I 22 1T 1E ) 5 X, Aty s 2
1E T EM T WEM HUAETE 1) 55 R 42 0 155 119 7]
& ZBCH AT TF  LSTM N #E— 5 3 8 7 5 XUk
T TR AR OGS T AR TR AR BLA R
KB, XS LSTM 42T K Rk vk iy 8y 45
WA—E
4.3.2 KRAHIHr

eI 201947 H S HAM12 H 17 HM
AN [ 2R R R, 0 FE A T 4% 24 T vk
R TRtERE. 7 H S HETE , ARdt KA IRIRARH
IR TR AR, S R4 S ar sl it B 6
G KL FAwEERIRG 12 H 17 HETE A wEm | L%
2 NAZ BN HL X, 5430 o5 B 6 2 M DA T A
KRR £ T 72 h I TR 45 SR R B,
LSTM XA [A] 28 A RUR A1) Tl 240 (A 0 ) e 30
B, AR FRURGH B 79412 119 RMSE 1 ETS P43 2488
T HAth 7 5 5 Hok 9 BCWEM,, 7 JXU i3 i 4w +f o
EM FIWEM A — & stk (W3 2)

HARRE AR RERBA L T him KK, 9
T XS A Sl B 6 L L DL R, Z R T4 K
A5 X 10 T (B O A, EML AT WEM ) 5K g i 4 K
s 23t 1T 1E , BCWEM & {4 (1% 79 1% 158 2 B 8 9/
FEFAR 1A 3 5 KR LSTM D) 5 3 — 5 s/ ok
IR A P TR R 25 , B v T R R U A P (i 2
AEERKI) o BB R RS A b IR B 2 i
Y3 7 3 R XL, LSTM 7 R KUK B 1) 79 41 e
Re e, Rk 80k 6 4>, A8 T BCWEM il
144, (HAEXFBCWEM, LSTM 7E#843E XUk 5
B TR O 22 4 K, TR H R X 4 B — 5 (54560) ¥ |
-5 0 B 2R s 3 (54590) 1 TR A A, S B0 BLK
s M4, X 2 LSTM 78 4 KUk BE Y i 12 2
T BCWEM B EZREA (L 2),

4

=W

AR STV U 3 sy O R AR A
BT 4 G20 KUGHLSE A5 TR ™ i 1) Sl I 2 Pk
FEXFHE AT T P14 (EM) B S FGE (WEM) A8
BUTIE(BCWEM) A A2 ph 28 4% (LSTM ) 4
FAE IR BT

(DAL G4 W 7+, WEM #l BCWEM 1 A
Xof B 53 2 A5 R Sh I S0 R A o R S o
5 T I 7 0T e B N 0 K R AT T
T BRI SCR . 5T ECH+NCEP L4l & 1Y
WEM A [t EM JC P & ket . % i8R 25 H A8 b i)
BCWEM 7£ 20 B 1 02 s (14 74 et R I 4, d 2
PR T 6 9 K UL RKIRAY TR A 1, 70 /N 25 H 2K
() [ BEm T i b g, AT T ETS W43

(2)FH%F BCWEM, LSTM & 8 4 B - 14 41 1
B, 76 DR AE 4 XU BB AR ) Tl 158 25 1 S ik I, (B
FRRTE T R KURGE BE (1 W B8 F7, $2 i T A RO
ETS #F43 . 76 i 309k 1 i KU 15142 ', BCWEM
FHSF R T EM AT WEM X 55 XU 941 0 =5 174 1] 5L
1M LSTM 7E LAl E i — 2D/ 1 i XU B i T4
T2, s T AR

(3)FEH DRI KA 43 #r b, LSTM A3 44
YRAN T BCWEM 254% 52 J5 vk XA it 25 4% AL e /e K
A 4 1 1] 85 X v R AR O XL, LSTM W 78
BCWEM Ry JE Ay [ i — 204 & 1% R i i T
fET, Wt T ETS W47

ARBFFAL R LSTM —Fh i B 2 > H R TF b
Fo ST URBE 2] J5 W Ae it b RRUAER i T4t v 26
B AL, A I AR Aok 23U 22 ol Y TR 2
2 R E & 1A D E R 2 L $2 T B R
AT AE F7 . BLAb, Bt 22 IO 0 kL Y 3 & A

5

R2 ARG HEERERRA G B TR EZEITESER

Tab.2 Forecast errors and scores of different methods in two types of gale cases

i PN BN
AT T7 2%
EM WEM BCWEM LSTM EM WEM BCWEM LSTM
4 X# Bt RMSE 3.08 3.12 2.81 2.60 3.00 3.09 2.32 2.70
KRR H B RMSE 5.23 5.16 4.68 3.78 4.15 4.09 3.20 3.08
KA bk 0 0 1 2 1 1 4 6
ETS 0 0 0.21 0.42 0.15 0.15 0.63 0.77




610 XGRS ST ARG

2 2 HOR Y BRI 7 AW 41

@%%%%%ﬂﬁbﬁ?ﬁ%ﬁ%ﬁﬁ%%ﬁ“ﬁ
77 il B 2 A5 T I A TR BE 27 o SR A S A EIAS RO T
B iy, Al S Tl 55 FIR 55

SEWK:

[1] A, 228, XU, 45 . 19095 G XU R A5 575 | & i 7 X
TRFIE R T AL VAL [T). M TR, 2021, 38(5): 17-23.

FU CF, LIT, LIU S C, et al. Characteristics of the storm surge and
UAV disaster investigation caused by the typhoon Lekima (No.
1909) in the Bohai Bay[J]. Marine Forecasts, 2021, 38(5): 17-23.

[2] LEITH C E. Theoretical skill of Monte Carlo forecasts[J]. Monthly
Weather Review, 1974, 102(6): 409-418.

[3] LORENZ E N. Atmospheric predictability as revealed by naturally
occurring analogues[J]. Journal of the Atmospheric Sciences, 1969,
26(4): 636-646.

[4] EPSTEIN E S. A scoring system for probability forecasts of ranked
categories[J]. Journal of Applied Meteorology, 1969, 8(6): 985-
987.

[5] PARK Y Y, BUIZZA R, LEUTBECHER M. TIGGE: preliminary
results on comparing and combining ensembles[J]. Quarterly
Journal of the Royal Meteorological Society, 2008, 134(637): 2029-
2050.

[6] KRISHNAMURTI T N, KISHTAWAL C M, LAROW T E, et al.
Improved weather and seasonal climate forecasts from multimodel
superensemble[J]. Science, 1999, 285(5433): 1548-1550.
T, I TR R S IR A T DR AR K 1 2 A
TR, KRR, 2019, 42(2): 197-206.

ZHI X F, HUANG W. Multimodel ensemble forecasts of surface
air temperature and precipitation over China by using Kalman filter
[J]. Transactions of Atmospheric Sciences, 2019, 42(2): 197-206.
[8] ZHU S P, ZHI X F, GE F, et al. Subseasonal forecast of surface air
temperature using superensemble approaches: experiments over
Northeast Asia for 2018[J]. Weather and Forecasting, 2021, 36(1):
39-51.
[9] fa &, X 2%, RIGW, 45 . AWK o3 Gne AR TR 42 1l 15
BT, RIRZR R, 2020, 31(6): 668-680.
WEI G F, LIU H J, WU Q S, et al. Multi-model consensus
forecasting technology with optimal weight for precipitation
intensity levels[J]. Journal of Applied Meteorological Science,
2020, 31(6): 668-680.
[10] ZEpE, BE0L . BTG MR T IE M5 Bk 2R A i BR (1).
RS G2447, 2020, 31(3): 303-314.
ZHI X F, ZHAO C. Heavy precipitation forecasts based on multi-
model ensemble members[J]. Journal of Applied Meteorological
Science, 2020, 31(3): 303-314.

[11] 5P, RNE, BRI, 45 . 6 KU AR 20U IR B AR B 52 0],
S LR, 2019, 39(6): 839-846.
GUO R, YU H, QI L B, et al. A study on multi-model ensemble

forecast technique for Typhoon track[J]. Journal of the
Meteorological Sciences, 2019, 39(6): 839-846.

RS, ARVTES, XHHE, 25 | JE T HLAS 2 > 1977 B T DCIT R ¥ 55
SERLT TR ). R, 2021, 45(3): 33-42.

GAO S, XU J L, LIU G Y, et al. Ensemble forecast of sea fog in

[12

—

Qingdao coastal area based on machine learning[J]. Marine
Sciences, 2021, 45(3): 33-42.

[13] R &, ARAREE, UK, 45 . 6Bk 205 B2 b Xt T <0 1
WEATI]. KEFE, 2009, 29(5): 569-574.

ZHI X F, LIN C Z, BAI Y Q, et al. Superensemble forecasts of
the surface temperature in Northern Hemisphere middle latitudes
[J]. Scientia Meteorologica Sinica, 2009, 29(5): 569-574.

[14] 5K K, 1248, IMdt . —FP R 2 1T 1E 5 IR7E T B A O SR il

IR (], B A 82440, 2020, 31(1): 27-41.
ZHANG Y T, TONG H, SUN 1J. Application of a bias correction
method to meteorological forecast for the Pyeongchang Winter
Olympic Games[J]. Journal of Applied Meteorological Science,
2020, 31(1): 27-41.

[15]1JILY, ZHI X F, SIMMER C, et al. Multimodel ensemble forecasts
of Precipitation based on an object-based diagnostic evaluation[J].
Monthly Weather Review, 2020, 148(6): 2591-2606.

[16] ARWFEL, 223, PRV, 55 . W VLI /K (1 240 BMA B 15

RG], K4, 2020, 46(1): 108-118.
QI H X, PENG T, LIN C Z, et al. Probabilistic forecasting of
precipitation over the Qingjiang River basin using BMA
multimodel ensemble technique[J]. Meteorological Monthly,
2020, 46(1): 108-118.

[17] TG, fREmA, A, 55 B THLAR: S A d R 2R
G BRI TT IE 0], AR S AT, 2019, 24(1): 116-124.
MEN X L, JIAO R L, WANG D, et al. A temperature correction
method for multi-model ensemble forecast in North China based
on machine learning[J]. Climatic and Environmental Research,
2019, 24(1): 116-124.

[18] HINTON G E, OSINDERO S, TEH Y W. A fast learning algor-
ithm for deep belief nets[J]. Neural Computation, 2006, 18(7):
1527-1554.

[19] CHENG L L, ZANG H X, DING T, et al. Ensemble recurrent
neural network based probabilistic wind speed forecasting
approach[J]. Energies, 2018, 11(8): 1958.

[20] LT H C, YU C, XIA J J, et al. A model output machine learning
method for grid temperature forecasts in the Beijing area[J].
Advances in Atmospheric Sciences, 2019, 36(10): 1156-1170.

[21] XHEW], b, T4, 5 JE TR ) RCF ALY =ik
P U XS I [J]. 1254, 2019, 41(4): 119-130.
LIU Y M, YANG X M, WANG Z H, et al. Extracting raft
aquaculture areas in Sanduao from high-resolution remote
sensing images using RCF[J]. Haiyang Xuebao, 2019, 41(4): 119-
130.

[22] P, # oL, E, 55 N TR REHORTE B B T i)



42 e

o i 39%

[31. B AR G247, 2021, 32(1): 1-11.

SUN J, CAO Z, LI H, et al. Application of artificial intelligence
technology to numerical weather prediction[J]. Journal of Applied
Meteorological Science, 2021, 32(1): 1-11.

[23] & W &, EH, 4% FETUREEE > i o il i <Gl ) 2 AU AR

BIHRB T[], RARF54R, 2020, 43(3): 435-446.
ZHI X F, WANG T, JI Y. Multimodel ensemble forecasts of
surface air temperature over China based on deep learning
approach[J]. Transactions of Atmospheric Sciences, 2020, 43(3):
435-446.

[24] M, FFA, G, 55 5T WMFIFRS T80 9 LSTM %

JEE At 228 T 4 0 T IR T 15 T 9 (0], 9 24k, 2020, 42(1):
67-77.
WANG G S, WANG X D, HOU M, et al. Research on application
of LSTM deep neural network on historical observation data and
reanalysis data for sea surface wind speed forecasting[J]. Haiyang
Xuebao, 2020, 42(1): 67-77.

[25] -1, fifi B2, o ) . P53 BT IR 06 T B R A vl e 12 S T iy XL
FLL P A N HI[T]. T, 2021, 38(4): 61-68.

FAN S M, CHU A, JIANG Q. Optimization of reanalysis wind
field and its application in the simulation of extratropical storm
surge in the Bohai Bay[J]. Marine Forecasts, 2021, 38(4): 61-68.

[26] ¥Fards, 48, TEALI, 45 B THLES - 2 TR EE TR T
BTSR[], R, 2020, 39(6): 695-704.

XU L B, WANG A X, WANG CY, et al. Research on correction

method of marine environment prediction based on machine

learning[J]. Marine Science Bulletin, 2020, 39(6): 695-704.

[27] WM, JEAH, AR IS, A5 BN 16 /> A il 7 5 3 XU ¢
BRI BTG [T, YRR, 2020, 37(1): 43-49.
SI P, LIANG D P, ZHU N N, et al. Preliminary quality
verification of wind speed data observed by 16 oil platform
monitoring stations in the Yellow Sea and Bohai Sea[J]. Marine
Forecasts, 2020, 37(1): 43-49.

[28] B R, 2 Jg, T 8 . R TR 9 4 A JEAL M B T i R
AR IR EARII]. /4, 2009, 35(6): 19-25, 129-130.
YAN M L, MIAO Q L, SHEN S Q. Exploration on ensemble
model of numerical forecasting based on variable-weight super-
ensemble method[J]. Meteorological Monthly, 2009, 35(6): 19-
25, 129-130.

[29] P, ZRNI, 320 . T DL B 14 B b T SR R T
BT[], KR40, 2014, 37(6): 740-748.
ZHI X F, LI G, PENG T. On the probabilistic forecast of 2 meter
temperature of a single station based on Bayesian theory[J].
Transactions of Atmospheric Sciences, 2014, 37(6): 740-748.

[30] HOCHREITER S, SCHMIDHUBER J. Long short-term memory
[J]. Neural Computation, 1997, 9(8): 1735-1780.

[31] BR2E D, XM, SKANE, 55 . H64 BU™ S 78 L9548 2 i iR o
(L FHPPAG D], A%, 2019, 45(7): 893-907.
CHEN S J, LIU M, ZHANG H B, et al. Evaluation on forecasting
heavy rainfall over Jiangsu region using ensemble forecast
techniques and products[J]. Meteorological Monthly, 2019, 45(7):
893-907.

Research on the gale prediction methods in the Yellow Sea and Bohai Sea based

on traditional and deep learning technologies

LIU Zhijie', LIU Binxian’, WANG Rui’, SHI Dedao’
(1. Xiging Meteorological Bureau, Tianjin 300380, China; 2. Tianjin Marine Meteorological Center, Tianjin 300074, China)

Abstract: Based on the wind speed observation data of stations in the Yellow Sea and Bohai Sea and the

ensemble forecast products of the European Centre for Medium-Range Weather Forecasts (EC), China (CMA),
the United States (NCEP) and Canada (ECCC) in the THORPEX Interactive Grand Global Ensemble (TIGGE)

data, three traditional integration methods, including ensemble mean (EM), dynamic weight ensemble mean

(WEM), bias correction weighted ensemble mean (BCWEM), and the long short-term memory neural network

(LSTM) methods are constructed, optimized, and compared on the basis of comprehensive evaluation of the

performance of the ensemble forecast products. The results show that LSTM has the best performance in sea gale

integrated prediction. For the 10-m wind speed forecast in the Yellow Sea and Bohai Sea, EC has the best

comprehensive performance, while NCEP has significant advantages in the gale prediction that is equal or greater

than level 6. The diurnal variations of the forecast errors in four products are significant, and the prediction
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abilities of all products at nighttime are weaker than that at daytime. In the traditional methods, the gale
prediction ability of WEM and BCWEM can be significantly improved by optimizing the length of training
period and removing the members with poor performance. Compared with EM, WEM shows no significant
improvement, while BCWEM and LSTM shows a significant improvement with a decrease in forecast error by
more than 10% for both full wind speed and strong wind speed, which is more remarkable at nighttime. BCWEM
effectively corrects the prediction bias of the EM and WEM methods for moderate and weak wind speed, while
LSTM further reduces the prediction error for strong wind speed and improved the hit number of gale stations
and ETS score. The cases analysis of gale also shows that LSTM effectively compensates for the missing report
problem of gale in low vortex eastward type by traditional methods, and improves the prediction ability of gale in
cold and high pressure type with significant advantage.

Key words: sea gale; integrated prediction; dynamic weight; bias correction; long short-term memory neural

network



