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Fig.1 Schematic diagram of the DNN model
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Fig.2 Scatter density plots of 24~120 hour IFS and GFS wind speed forecasts vs. observations, 2023

F1 24~120 h GFSHIFSHIRRUFIEMIEIRR
Tab.1 Table of evaluation metrics for 24 ~ 120 hour GFS and IFS forecast wind speeds

i T 2c/h ARGz (mls) B2z (mis) HIXHER 2% SRR %
GFS 24 -1.536 2.520 23.244 29.503
48 -1.504 2.662 24.404 31.175
72 -1.480 2.859 25.863 33.499
96 -1.450 3.043 27.537 35.679
120 -1.429 3.376 29.799 39.449
IFS 24 -0.171 1.629 16.279 21.969
48 -0.212 1.851 18.485 24.954
72 -0.298 2.026 20.282 27.313
96 -0.388 2.292 22.682 30911
120 -0.492 2.525 25.043 34.044
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Fig.3 Scatter density plots of three DNN models' wind speed in 24~120 hours for the year of 2023
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%2 24~120 h 34/~ DNN #EHE IR X IE I M SRR

Tab.2 Table of evaluation metrics for 24~120 hour three DNN models forecast wind speeds

LY 2 TIARIN 2/h FGuMm 22/ (mls) ¥ rhiiR2z/(mls) AHXF IR 221% IR EU%
BT 1 24 -0.150 1.641 16.588 22.165
48 -0.129 1.787 18.026 24.155
72 -0.123 1.978 19.733 26.751
96 -0.116 2.176 21.700 29.454
120 -0.126 2.462 24.007 33.210
LY 2 24 -0.352 1.599 16.109 21.608
48 -0.333 1.746 17.466 23.597
72 -0.325 1.910 19.076 25.838
96 -0.322 2.078 20.678 28.127
120 -0.322 2.350 23.153 31.695
LAY 3 24 -0.206 1.584 15.942 21.401
48 -0.242 1.743 17.440 23.567
72 -0.271 1.908 19.038 25.801
96 -0.265 2.062 20.560 27.901
120 -0.265 2.273 22.523 30.656

0.15 m/s, RMSE J# /1> 0.01 m/s, RE #1 S1 ¥y /1> 0.2 4~
PR A8 h I 72 h Fiidle rh, 5570 3 By 48 FHAS I I
96 h iR+, B 3 1Y RE /0> 0.1 4™ 43 5 S1Hjdi /b
0.2/ A 43 sl 5 TE U B 850 A 11 120 h Foif v, #5278
3% RMSE Ji# /)> 0.08 m/s, RE J# /b 0.6 1 15 43 &4, SI
W 1.0 E 4 o W R R GRS AR, B 3 11
120 h #idfz (1 Bias ¥/ 1.2 m/s, RMSE Ji /> 1.1 m/s,
REW/D 74 40 i, SUEAD 94N H 43 i . L AT UL
TINA TR 302 5112505 , 120 h Fd 0 E i R H2 T
BRI

3.3 AR SF LRI

W 52 0 B e AN TR XU S 40 43 6 A1 (DL 3R
3), 3K 8 K LA R KUH MRl —4l . 45 1R 224545
ST UL 4, #AARSkEE  GFS B FN 3T IE BRI
Tl i 2 4 Bl X A R s G

AN [ (1 R X [E] SR, 3 A1 T IE AR AL 7E 24
DX A B TR 1R 22 0K T GRS #E . IR XU X [a] P , 4
AN TR AR AR ) 22 BE A /DN, o GRS #5831 22 A 5
Hh e IR X 8] PN, 34N 1T IE AR TR A1) 4% 300 152 22 8 bR 48
WEL T GFSHEIE, . M Bias K& (UL [E 4a k) 24 h fir
TR, s KU DX ] PN, GRS RS Ay 170 i 2 I JR ek 44
FMTHEIN, 3ATT AR 7 W) %o 32 671 2 A 5 4 ol 5%
R o X H BT AT TR B 2] 6 g R 7 AL IX ) Y

RMSE (ULl 4b) , 31T IEALHY 1Y) RMSE ¥ i [ GFS
BRI D 1 mis, [RlRE 52 B A 1T TERCR

22 AN [] T4 ISP R0 ) 8 22 X6 B o 24 h TR
(ULE 455 —3) B 3 (1% 45 00158 25 5 d5e /)N 5 48 h T
72 h i (UL L 4 55 — 80 RS =81) , 31T IE ALY
PR 25 PR PR R el , L i IR DX (] ) T 152 25 55
24 h 4R A Fr E T+, RE A0 SII 4R 5 20 54N 40 445
1M GFS #5248 h 1 72 h T it 5% 22 55 H: 24 h 4l A8
AR R 55 /)N 5 58 48 96 h 1 120 h L4 (UL IA] 4 45 pu 47|
FEE L), 34 1T IE AR Y ) 101 i 15 22 1 A% 4 Ry 42
AT, (A S5 e WG X [B] (XU =8 4% ) , 15478 3 1 45 T 5
2 Y8 /N, H 96 h 1 120 h (1% Bias 1 i 2% 43 51 K
3.8 m/s F14.3 m/s, 1fif GFS A5 3 7 (1) B s 22 43551 A
4.8 m/sH15.5 mls, X, i AR Bl 7 T4 o 4550 Ay 34
T, BT I SR el 55 L (K T4 S R R
SRl N EER LT IEAR RS | 7 PR A 5 A 1 T IR SR
Gy

Rt A BT B R TR AR, AR £ H 96 h
1120 h iz , 4 R L A 7Y 3 5 GRS B LIFS
R E A [ R X [R] ) 352 25 A 7% b o 78 IR
X [E] P (U & 5a F15b) , B 7Y 3 119 Bias #2115 A 2
IFS AR ; 1 7 d5e e XU X 1], #2754 3 714 96 h 1 120 h
1) 17 A 2 35 IFS 488 X 43 31l 2 1.0 m/s #10.7 m/s,
M RMSE ¥ 7 (LKl 5¢ F15d) , 15 % 3 () RMSE 7£ £
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Tab.3 Table of buoy data categorized by wind force levels

Ry 3% 4% 5% 6 4% T =84

A/ (mls) 3.4~54 55~79 8.0~10.7 10.8~13.8 13.9~17.1 =17.2

K4 GFSHI 534 DNNHIRI 24~120 h HilAf A A [ X7 24 i 22 0 K]
Fig.4 Comparison chart of forecast metrics for GFS and three DNN models categorized by wind force levels in 24~120 hours

AN RGH XA G T IFS A 70 fe g WG X ), B 7R 3 BRI 2 rbo i A T ) 00 8 25 T 4 v PR e o
4 4 AN |
] 96J1 j:u 120 h %) RMSF 435k 4.8 m/s F15.8 m/s, 34 Bl
IFS #5558 %) 3 (1) RMSE 4 5.8 m/s F116.2 m/s. #] U,
TE K T I 250 A4 e IR X ), A Y 3 ) T4 fiE H1 4 Ry B /R 3 X6 A K B A AR A 1T TE K
FIFSHIRA , XFE— R BT E KU TR, ZE4E S ARBFSE 6 B 2023 S 17 AR 2 Hh sk 0] Fy 271 45 58 3
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K5 #% 35 GFS IFSHEE 96 h 120 h TR 1A [ X7 25 9% T 5 22 % e IR
Fig.5 Comparison chart of forecast metrics for DNN model 3, GFS and IFS categorized by wind force levels in 96 and 120

€16 MF01004 7% 5 2023 4F 11 H A4S 0 A4 XU s e £
Fig.6 Time series of observed and forecast wind speeds for
buoy MF01004 in November 2023

) MF01004 7745 , 231l 11 A By Rt el 51 1. K6 &
BRI T 20234F 11 H#7 TIR%B 251 R K RGE
i, TEESPIRE 2SS (K6 LM a),
GFS A5 1 T4 XU 17858 S 00 XU A /), 1T 22 fE Ak
J WA RS 3, FL I 45 R ATy /N T S B0 A 67 22 i
FVN o VARERAE ars BRI E LS 28 KL N ]
11 A 5 H 528 e KR RGE 3K 17.8 m/s, 5 GFS =0 iy
22250 2.7 mis, ik 3 5 5200 AH HL AR AR T 24
1.0 m/s; 11 J1 9 H 5250 KU A 14.7 m/s, GFS 15 2 1
e KU 11.3 m/s, B3 A 41K , 452 2 3 i) i i XL 3 Sy
13.9 m/s, B 4230 S0 KGR

(AR 3WAFLE— 2 M PR . DA IET 6 HE 2R AE
b FT 7Rt R HR AT U 3, GFS AR 2 AR IR 3 X6 v ik
e R XL ) T AN — 35, AR 34 11 15 H Tl i
el X, SEedl i, T GRS AR s (HAR
A3 Wi 11 7 17 H X33/ 2 4 9%, 5 5200 25 44
K ITRIE A H R GRS . b4h, 721K 6 R ZRAE
C Uik A, AR I 0 i 45 S 5 S s O 2
SERR o T, B I A i B AL 1T I AR A

hours

X B B8 H R AT — 2 I R R, (H L P R AR
IH 5 G BT A DG . 2 I b Tl 5 5
SR B AT, 1T IEAR Y A TR R BAK I A2 B
4 53tk

A5 R DNN LAY X} GFS 520 2023 41
AT XU P4 235 2R 5 IFS B AT X FE PRAL , 59T i
ITIE TAE o 5 T i 20 A i A2 3 AR |
Srrp  B0NE TR A] T I AR R A I 1 G ST I T
AP S5 .

OM & T IFS X, GRS 4 2 A8 Hb ] T 17 ¥ 1
JRUH T 42 P 9 3R 22 K AEAE R KR T A5 Tl . DA
GRS 5 Tl < 52 B 2 M FH R0 [F] 4 A A
BRI 24, BT DNN R X GFS 5 2 A i
TG TITIE , AT A e L T4 2 2

@AY LA U10 F1 V10 1E i A ZE R YN 25, BEAL L
HA—EIiTIERCR , Bk R T )5 i GRS #E K,
JEPL T DNN &AL TE PERE. TTIEHT, GFS 5
AT B 250 B0 25 3R 3 1 m/s; 2B AL 19T IE
J&i . 5 A TR B 50 47 A 25 S AN A 0.2 mis. A
SPL U100 1 V100 R E = AF A A J5 B8 2 1)
PEREDE TR 1,180 T 2 BRI AT IE L 7ER
T IR U4 T 1 A3 R o

@ T I A Ry i A AN Sk, o] $2 7
VT IE A R AR R T I 20 M P AE 1 o X HE s
GFS =L, #0713 (9 120 h FWi 4k 1Y Bias 7> 1.2 m/s,
RMSE /b 1.1 m/s, REJ§ /0 74N F 43 15, S/ 94~
T A3 a5, 5 HBER 37 g JRUEE X i) f 1941 2 Bt A i
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A study on the deep learning correction method incorporating forecast lead
time for sea surface wind speed forecasts along the nearshore areas of China

ZHOU Chenyu**®, ZHANG Chi*, WANG Xidong"?, WEI Lixin*, LIU Xiaoyan*
(1. Key Laboratory of Marine Hazards Forecasting, Ministry of Natural Resources, Hohai University, Nanjing 210024, China; 2. College of Oceanography,
Hohai University, Nanjing 210024, China; 3. Guangxi Key Laboratory of Marine Environmental Disaster Processes and Ecological Protection Technology,
College of Marine Sciences, Beibu Gulf University, Qinzhou 535011, China; 4. National Marine Environmental Forecasting Center, Beijing 100081, China)

Abstract: This study evaluates the performances of the Global Forecast System (GFS) of the National Centers for
Environmental Prediction and the Integrated Forecasting System (IFS) of the European Centre for Medium-
Range Weather Forecasts in forecasting sea surface wind speed along the nearshore areas of China. Additionally,
a deep neural network (DNN)-based correction method is applied to improve the GFS wind speed forecasts along
the nearshore areas of China. Results show that, prior to correction, the root mean square error (RMSE) of the
120-hour sea surface wind speed forecasts is 3.3 m/s for the GFS model and 2.5 m/s for the IFS model, with the
IFS model demonstrating better performance. The DNN model effectively reduces the negative systematic bias of
the GFS forecasts, and the multi-variable correction approach achieves significant improvements. To mitigate
error accumulation caused by increasing forecast lead time, this study proposes a correction method incorporating
forecast lead time as an input variable. Compared to other correction models, the lead-time-aware correction
model further reduces forecast errors. Compared to the original GFS model, this approach reduces systematic bias
by 1.3 m/s, RMSE by 1.1 m/s, relative error by 7%, and scatter index by 3%. In the highest wind speed range, the
lead-time-aware correction model reduces the negative bias of the 96-hour and 120-hour forecasts by 1.0 m/s and
0.7 m/s, respectively, outperforming the IFS model.

Key words: Sea surface wind; wind speed; forecast lead time; deep learning; numerical weather prediction;
correction



