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W E: IREENTMEE,XTELHARGBCEFRREE AAERHENLHEK AT
2 W 25 (CNN-LSTM) frig Z R E(EC) B A, E#E T H I M 0 & MM ARER, ARERX
B OR 2 TR b R TR R F AT B B4R A BE E TARROR , MR A ALK Bh B A B FE K, TR RO
FEAARHKENHAYE  BARTMME RN 7 REZ B RFMRBEAAT 25.67%, 7% T4 R 0T
) 4 3R 2= B OR TR BN T 65.04%; £ JE 1% £ KX IE B CNN-LSTM-EC &y 8 /2 58 £ “ R 20 TR
BRI T CNN-LSTM, 81 # # B 42 T 1% Z 8 5 & W/N T 22.57%, 5 JZ T4 iR 2 /) 2.5%.
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RNN) Fil 7 ¥ 3 452 78 vl | o i w8 Y00 40O B 7 (] Bof 228
KT I o A A A T B U0 T4 K T R
HY PR Y B2 R R 22 [, 158 22 K¢ 1E (Error Correction,
EC) e A3z i H T 5 WU B2 SE R il di , 4n GUO
AU EC B AT 2009 4F 1 2010 4F 1 13 WU 32 2k
A7 S IR TE FH0IN , 235 2R 3¢ W] 28 0k EC A I 119 J Ik (1]
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T ESE T LSTM ZE/K A S YR sh i h il 47
P£ 5 YANG 26U 3 F 45 B # 48 W) 2% (Convolutional
Neural Networks, CNN) 1 LSTM 37 “V& 8 Fii 4R "5
Y T I R K TR AR s ALASALL Z5EEL
ML 2 ) S ST T /KA S “ TR S " B AR %
A Y 3 L[] S 4SS AR #5530 93.5%

AR SC LA BRI b DA SR 9F 5 DX, %6 g 4
R MR R VL T] 11 1 X BAAHE €, 1261 CNIN-LSTM
S5 4 ECHI AR HE . & WK AR (i TR AR A, I
S VR B A S A ST TR B FR O s 6 AL
S RRIEAT VR ST, LA 1K KT 4 2
it MR Tk SR A S

1 A5 X X B4 R IR

BRYTIAT 11 3l DX A W AGH A%, B8 RN , $Aafy <
JE— M K AEAE T—9 H A 4~5 k™, HEgiit,
IEAERBRYLI X 5 KUIE FE A K, 50 £ KA 28031
B AE AR A S I (., 25 2 K X i T KA
S AN 1713 5 6 KK AY 7 1822 5
G, W 5 KU f G 7K 43 31135 %1 340 cm
F1279 cm, S ECER VT 1122 %500k 25 69 3 47 2 200
AR 25 Y b U T R BRI .

AR S R FHBUHE SR 2004—2020 4F I M 4 KU
SORERSISS PR ¥y Sy SNNE AR 78 4 €115 S S RS P
BT FR P B B KD A SR G
WS /2 BTSN TIPS 2 (R WS 271 B 93 25 LI 2

FEl1 2004—2020 £F52 0 2R VLA 1713 DX F 7 50 £5 LB A2
Fig.1 Historical typhoons' tracks affecting the Pearl River
estuary from 2004 to 2020
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2.1 CNN-LSTM#&E#

CNN B IZ A Ry BRI A SRR 5 AL R
SCAR G 28 A5 SR 1) B R AR B2 HE A 5 ) R B
¥ LA EA R AR RRAE R HURE 7 . CNN B
fhze oy A Bt A AR

Yo = &( D, WELxER + bew) (1)
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RS EE

B A B BT 4R 2 R 2 T AR A B R 40T
REPIER, AL
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Fig.2 Flow chart of real-time rolling corrected forecasts
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23 M AIE

AT 4 FIAE S8 bR PN B A9 5 KU ORS
B, Bl ¥ 7 MR % 2 (Root Mean Squared Error,
RMSE) ¥4 %1% 22 (Mean Relative Error, MAE)
FF- 28X 5 43 L iR 22 (Mean Absolute Percentage
Error, MAPE) . I8 AX N :

RMSE = (8)
2‘ Oi - P[‘
MAE == — (9)
n
1< 0. - P,
MAPE = — L X 100% 10
nz}‘ 0 0 (10)

K. P, 50,4350 5 0 B 2100 6 KR8 5 52
{85 0 R PRAE B P 3IME s n RFEA BB, RMSE S
MAE ) F T it T (8 5 52 PR i) 22 Sk | Bl S5
Bl 15 T 245 SR 25 S I B T, PR A O 328 5 34
JnE +o0 i 5 RMSE g K T MAE ; MAPE J& —F1 JC
RIS, BUETEE A0, +o0), H i MAPE=0 % 1]
PSR 5 S PR 78 W) A, Y S PR 8 h A7 AE
OB (EP43HER 0) , oy fil FTHZPEA I 7.

3 LR
31 AREEFRERNH

3.1.1 IGURAE RS,
J:F CNN-LSTM-EC % 57 52 I 3h & 1F i i)

R 5 A B 1 h, BENE S 20 10
12 h XFEIEAE P B D s £ Ry SR A T B AR
“TRENTR” , I XA FR SR BT 45 3 65 W B2
PR 22 AT BIETHR . O T s IR IR Bh T
7 e 5 KR T T SR DAL T T B TR
FIR R VR 3h Yk BT 56 0F 5 177 58 6 XU A% ok A 1)
RMSE FI MAE 2{E (WL 3) , 45 LW, “TR BN il
LU BALVR R A O A A TR AR . AT B
HBRR SRR TIN, “WR S R 1 TR R 24 5%
WA , B VR SR B 1) RMSE Hil MAE JEAER /N T
PR TR . AN, 5 LR IR sh AR T 1 RMSE
146.78 km, Lt ERLUR T4z 15 22 980/ 3.79% , 45 24 IR
B, RMSE B N 127.74 km, U8 /)N g 3 18 K )
16.27%, 7 5 1] [6] RMSE (%) ¥ /) I8 B K ik 3]
25.67% , - 249 /NI R 12.80% . LA, Bl TR o)
UCELBE TN, Tl 1 22 AR fh R B4 TR SRR TR L X
LA KL T CNN-LSTM-EC #5 £ 1y B 12 “ VR sh ik~
B ELA R iR e

FHE AT 54E CNN-LSTM-EC 77 1: R I 1A 4 {4
T4l 1) RMSE 5 MAE 43 %l >4 68.25 km . 46.61 km,
CNN- LSTM 73 FIIRZE5 31120 93.82 km . 74.69 km,
P I T AL 15 2 A5 T BB T 5 A28 T AT A TR 11 R AR
. RLUBER T ARESIRECN CNN-LSTM-EC 5
CNN-LSTM [#72 “ TR sh Wil " i iR 22 45 SR XS e, i
P T I 5 Tl 15 2 (A sk /N R B 29 7 10% L I, B
K] 3K 22.57% , 55 5~ 19 YRR o) 19 15 25 ek /M i 13 3
AR YEFEAE 15%~20%.,

K3 BiEsE G KA R iR 25 45 0

Fig.3 Mean errors of typhoons' track forecasts in the validation set
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%1 CNN-LSTM 5 CNN-LSTM-EC B&Z ¥ ik £ R RMSE (24 : km)
Tab.1 RMSE of typhoon's track forecasts between CNN-LSTM and CNN-LSTM-EC (unit:km)

TR 7k FI1K H21K H3W H4m H5I H6I $7IK 8K
CNN-LSTM 186.403 182.708 183.974 184.854 185.356 182.074 178.319 173.832
CNN-LSTM-EC 146.782 154.910 159.966 160.016 155.828 152.380 146.081 139.997

AN S 21.26% 15.21% 13.05% 13.44% 15.93% 16.31% 18.08% 19.46%

TR J5 ik oW H10K 11K 12 13K #5147 H150 5161
CNN-LSTM 168.335 161.648 156.445 152.983 150.186 146.452 143.854 143.322
CNN-LSTM-EC 134.927 130.158 124.520 120.832 117.423 113.399 113.971 116.298

LN s 19.85% 19.48% 20.41% 21.02% 21.81% 22.57% 20.77% 18.86%

Tt Iy ik 51T 18 B9k 5200 H21K 22K H23 1K 5524
CNN-LSTM 143.561 143.561 144.92 146.784 148.149 150.074 151.328 152.871
CNN-LSTM-EC 118.383 119.450 122.755 127.661 128.370 131.802 129.277 127.740

AN S 17.54% 16.79% 15.29% 13.03% 13.35% 12.18% 14.57% 16.44%

T KL R 2275 PR B4 7 3 T RMSE B/

3.1.2 HBNRKAG T LS

[FBH, L2017 458 H 22 H 07 i (db5iif, A
SR [E], X 171345 5 KU RS 7 R AT AR VR B
TR, R 5 XU KA B sk 2 3 P IR S
AT LU A0 T b R sl T R A L
BALYR T AT B A AR TR AR | B A A TR VR B B
[i) A A, 5 JRU B A8 T i 15 2 4 T A AT, T i 45 SR
PR PRGBS FE A AR W e . TE
YRS, H LR TR 20 0 TR 45 SR 5 R T
SR ZE AN, W B KURTaE J7 1) 09 158 2 359 1) b Al
FE IR O, Wit 5 VR By I 14 T, S04 i a2 1) 348 3t
TSR, TE5S 12 IR Bh Z 05, ki m e 5
SBRAG O+ e . BHAACEE 5B 24 IR SN,
PR 15 22 1Y RMSE A% A 25.03 km, Jali /)N i 2 3
K 69.64%, 18 3l W (] 9o /)N M B 5 K ik 5] 85.74%,
S XA/ IR FE A 45.40% (ILIELS) .

32 BRBETRERSH

3.2.1 EUFSE TR R

5 AR TR (R B X B uE 4R v i B3 ) R
O3 HEAT R B VR S TR, XN R SR BT 4%
Yy 6 WU o B T iR 22 AT B0 . 25 SRR
(VLKL 6) , “V&R Zh Tl ™ LU By P4l A7 BT 4 1Y) i J3E 9
AR | 5 BEAVR S B S I, 5 U5 BE T4

K4 BRKRAGIERTRL
Fig.4 Track forecasts of Typhoon "Hato"

(10 (AKE i A T A0 (B 3, SRR BhiIRBU T
A58 JBE T4 45 5 1 RMSE \MAE Il MAPE Y/ i
Wi, i, 55 LIRS ik 45 R ) RMSE .MAE
HIMAPE 4354 3.35 m/s . 2.83 m/s i18.60%, A%} T
BAL YR T AR 15 22 1 /0N W BE AN Ry 6.26% ., 8.13% Fil
8.15%; 45 24 IR BT, RMSE .MAE Fl MAPE 4351l
14 2.84 m/s.1.39 m/s il 4.12%, AHX T BAYK PR 15
25 B/ NI 5 2 T T 20.39% ,54.98% F155.97%, -
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5 BRI R 2L R
Fig.5 Errors of track forecasts of Typhoon "Hato"

K6 HuESE £ X BE U 45 1R 22 45

Fig.6 Mean errors of typhoons' intensity forecasts in the validation set

FTyel /IR B 3-551 A 15.39% ,37.38% ,36.55%.

144 7] 7575 CNN-LSTM-EC J5 i F 363 45 %%
IR TRAR 1% 2% 1) RMSE .MAE 1 MAPE 4351 4 1.45 m/
$.0.94 m/s.3.78%, CNN-LSTM J5 & T it 4% AR 1l 4
P23 1.67 m/s.1.19 m/s 4.56%, ] UL i% 2% 4%
1 [FIRE RE BT o B TR AR 7Y () S (AR 1 . R 2 )R
T ARSI ECF CNN-LSTM-EC 5 CNN-LSTM
SRS TR SR A 1R 25 45 X e, AT WL EC HARTH]
FEBE X 38 B VR 21 T4 A 7R ke 28 A AR A L (RN
R B SEA PR TE 2.5% LAY, BOERIOR A an A2 98
BT 3
322 HAKAGTIHZE R

X 171345 6 W KA ” A TOR B IR B Fi g, I

X HE TR BB "5 A G AR R A AR ACR . A
7L U AR B TR TR S TR R R LA
UCHRAT B4 1 50 B IR AOCR o Bl TR S Ry
T, TR ARG BE AT BTG R S . TERT 6
PR BN, R B TR 5 R BR B R BETUI H &5
JRURR) PR 39 i it 8 00 D DA A T AR AR R R 25 i
T il HE S5 98 T 25 1R DA S A R ORI I 2R X 5
IR JEE AR A R 4 R S EIORSE 2R A g A g 5 S
3 fi 196 915 0 R BE A HE 2 5 XUAY PR e i e e
(RO AES 7 YRS g, Bl TS IR Ak e e S P
Kol Ab 7, U 1456 B AR AR H B e e, H
55 SEBRg DU, REBCHIN T 5 XU 5 5 55
Hat o BRI BORAESS 7 YR S A, R 3)
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%2 CNN-LSTM 5 CNN-LSTM-EC 32 E iR 4 R RMSE (#£f: m/s)
Tab.2 RMSE of typhoon's intensity forecasts between CNN-LSTM and CNN-LSTM-EC (unit:m/s)

T I i RN H2W Hi3IK H4m Hi51K /% BT H8I
CNN-LSTM 3.324 3.482 3.490 3.449 3.651 3.286 3.135 3.118
CNN-LSTM-EC 3.346 3.446 3471 3.470 3.655 3.240 3.059 3.060
/NI EE -0.69% 1.03% 0.55% -0.61% -0.09% 1.39% 2.41% 1.86%
TR 5 ¥ HIW H 10 11K 12 13K B4 15 161
CNN-LSTM 3.350 3.244 3.328 3.337 3.329 3.433 3.392 3.156
CNN-LSTM-EC 3.318 3213 3.320 3.342 3.335 3.419 3.356 3.112
TN EE 0.94% 0.95% 0.23% -0.14% -0.18% 0.40% 1.05% 1.40%
T i 5517 55 181 55 19k 55 201% F21 H22K H23 24
CNN-LSTM 2.738 2.067 2.126 2.296 2313 2.466 2.698 2.843
CNN-LSTM-EC 2.687 2.014 2.089 2271 2.289 2.444 2.691 2.842
/IR EE 1.86% 2.53% 1.71% 1.12% 1.04% 0.90% 0.27% 0.02%
T PRSI 3R R PR TR 7 vk Th RMSE 8/
El7 G RAG5REE Tk g,

Fig.7

Intensity forecasts of Typhoon "Hato"
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B7 (%)
Fig.7 (Continued)

SR = VAN N L S 4

Fig.8 Errors of intensity forecasts of Typhoon "Hato"

T 5 52 bRt (19 RMSE . MAE Fil MAPE 43 3l %
i 4 2.66 m/s . 1.83 m/s 15.00% , #H X F 5 Yk Tl 412
R 22 1 I/ 8 JE 3 ) N5 6 IR TR B 11 41.56%
47.38% #71 60.00% 7F A 71.61% ., 77.61% £ 87.60%
(WLEI8), 5 Wah w45 BAR , X — g
FEE T 5 AU AR b 430 45 S 0% O iR e
AF KA E— 2D EUE T VR Sl B AR SE PR A
) EME

4 #Hib

Ry fif AL BE ML 2 > RS TR B TR 1 v T
FRONE BEAR AN P 05 6 [ L, A SO FH S 9
FTHR A EAE T CNN-LSTM I ECH R#% T
PR ZERIE TR AR AR 3 3 S0 IR 4R [y s 15 AL B 1713

55 R KRG SE BT SR A AT, IR B T R 2%
T8 T A 52 B TR BN TR R R o Y AR AR .
R .

O TR BT L BT AT B4 1) 65 A2 o i
R, il 25 A5 AR VR Sl I 0] %) K, R 245 S o
FSLPRIG O, SRR A & AW TR s, 5
TESE TR R b, B AR TR S TR 45 5 1 RMSE M
851 IR 3 Y 146.78 km [ AR 355 24 WRIE 3 Y
127.74 km, A XF T B UK T 15 22 06 /0N i Tk #)
16.27% , 7 3 W 1] 1 980/ I B2 A Kk 3] 25.67%, -
98/ BE 18 12.80%

@“VR S TR b Bk R A A A i AT
UL R A1) S Bt 2 T AR s 3P 4 e, TR 45 SR B
U . TESUESE TR A R b R B VR B TR 4
) MAE M5 1 YR TR S 2.83 mis AR 24 24 R IR



102 e

o i 414

B4 1.39 m/s, AHXT T B I 15 2 00 9 /)N i 2 58
1 54.98%, V& B 1] 8] (1) 9 /1N R FE $5c R 35 3] 65.04%,
S Y58/ FE 35 37.38%

(®CNN-LSTM-EC 1Y ff A2 |5 8 “ TR 3l T4l ™ 44
R TF CNN-LSTM, ZEARFVE ST, CNN-
LSTM-EC 4% T CNN-LSTM f4 %45 “ TR B i 4R 1%
ZE /MR EE P E 10% LA b, e K AT 3k 22.57%, 58 5
TR 1% 2 U/ N AR AE 2.5% DA .
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Real-time rolling correction forecasting of typhoon process in the Pearl River
estuary based on CNN-LSTM

DENG Zhihong', LIU Bingjun**", ZHANG Ka', HU Shikun', ZENG Hui®, ZHANG Mingzhu®, LI Dan®
(1.School of Civil Engineering, Sun Yat—sen University, Zhuhai 519085, China;2. Water Resources and Environment Research Center of Sun Yat—sen
University, Guangzhou 510275, China ; 3. Guangzhou Hydraulic Research Institute, Guangzhou 510220, China)

Abstract: In order to improve the accuracy of typhoon forecasting, this paper introduces a real-time rolling
corrected typhoon forecasting model in the Pearl River Estuary utilizing Convolutional Neural Network Long
Short-Term Memory (CNN-LSTM) neural network and Error Correction (EC) method. The results show that the
rolling forecasts have better performances on typhoon's track and intensity than the single-time forecasts. The
overall accuracy of the rolling forecasts increases gradually along with the prolong of the rolling time of the
model. In comparison with the single-time forecasts, the root mean squared error of typhoon's track rolling
forecasts decreases by 25.67% and the mean absolute error of typhoon's intensity rolling forecasts decreases by
65.04%. The real-time rolling corrected forecasts of typhoon's track and intensity based on CNN-LSTM-EC are
better than those based on CNN-LSTM. Compared with the latter, the forecasting error of the former decreases by
22.57% on the typhoon's track and by 2.5% on the typhoon's intensity.

Key words: real-time rolling forecast; typhoon; Pearl River estuary; deep learning; error correction



