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Abstract Tropical cyclone intensity estimation is of great practical significance for disaster prevention
and mitigation. However, the existing methods still have some limitations in estimation accuracy,
spatiotemporal information utilisation and channel feature extraction capability. In order to solve the
above problems, a novel tropical cyclone intensity estimation model, STDA-Net, based on spatiotemporal
feature fusion and dual attention interactive networks, is proposed, with the Northwest Pacific Ocean
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serving as the study area. The model consists of three core modules: The spatial feature extraction module
is used to capture the spatial characteristics of tropical cyclones; the temporal feature extraction module
aims at extracting the temporal characteristics of its changing process; and the spatial-channel interaction
module enhances the extraction of vital information by interacting spatial and channel attention. The
experimental findings reveal that STDA-Net outperforms the other deep learning methods compared in
estimating the intensity of tropical cyclones in the Northwest Pacific Ocean, achieving RMSE and MAE
of 9.42 knots and 7.22 knots, respectively, and exhibiting robust estimation performance for multiple
tropical cyclone events from 2019 to 2021. It is shown that STDA-Net performs well in estimating the
intensity of tropical cyclones in the Northwest Pacific, confirming its accuracy and superiority.

Key words Tropical cyclone, Intensity estimation, Spatiotemporal feature fusion, Dual attention
interaction, Channel features
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B 7 ()RR S HUBCH T4l SR T SURE (1 2 () Rp ks I TR RRAE SR IR He B 0 4 UL AR A i 2 i (R I [P AIE s 75 )
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BETATEER T BRE, R 5 B TR AT SRE R U AR S R L i T TR R I 2 B R AL
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TREMBFERE, FHPEH T 201775, Dvorak (Dvorak, 1975; Lee, etal, 2021; Olander,
etal, 2021) J7kA& HET N &) 2 F5REALTH7 %2 — . Dvorak J7iilid 3 R (038 521 4k
EG O RARR ZRHE AR, etal, 2022) , BTG IESRE SRS TR 2 EIRHE
Z A GE T R 5 B S e R AT Al TE . Dvorak J5ikiAA, o B AR T I FAGTT SUNEIE H B A AR
I=RHE, W TR N = BERE, BRI M55 N G B b R R AR R P v, AE AT
S5 R FAAAERCRI W . 9 1 BEAIC Dvorak J7 ik M, — 28T Dvorak J7VEAT A K 3R FE
AR B4R . ADT (Advanced Dvorak Technique) (Olander, etal, 2019; Ahmed, et al,
2021 GINTEMERVARTHE T, gahldsy I MEBEEEAR, B3RS = EIRHME, ik
DT N THERAEA R BE LI, (H R 52 3 TR 2 B i S AT PR i e B BR 1], Tk siiix =
EIRFIE VR AR B, AT B B AL TR PRS2 BR o g EBE— 2B 24 T2 = B rh iy Ui i
RANEE R SERFAE , Pifieros 45 (2011) $2H T DAT (Devistion’Angle Variance Technique) (Tian, et al,
2023) J5ik, o p R AU R = B ORGSR R JEEEAT SR Af . B Dvorak J7 AR
F TGt o M 3 SORE s FE Al TH IR KR BE B T A T = B AE 3R X, 32 Tk 55 A 7

IR ML KT, J ELE DU 32 21 T2 S EINGIR R, D9 Ah TH S SRR PR AT AT SEVE AR 1 Bl
® 1 _PEAGR R RSE S >V

Table 1 Details of tropical eyclene classification by China Meteorological Administration

E74 PR JRJZE L IR AT (m/s) i1
P L E D 10.8—17.1 6—7 %
RS TS 172—24.4 8—9 %
PRI R STS 24.5—32.6 10—11 %
G TY 32.7—41.4 12—13 %%
HE N STY 41.5—50.9 14—15 %%
IR A R SuperTY >51.0 >16 %

BEE T TTHETE , TR 2o 21 FEAE A 1 B ve R AP ALE SR BDUNT B 4fs b B RE 03B e 5 1AM ] A5
T, ARG SR AL THR AL TR B T . 7R R TR A ST R SRR A T A,
LRFHZ M4 (Convolutional Neural Networks, CNN) 4 5 & 5 K FIRFESEERE /7, B2 M H
THREUH S P2 = 23 (B RHIE . Pradhan 55 (2017) $#&H 7 —Fh2ET CNN B9 #H e s FE A T
B, FHERE BRI S B ARE, W5t T amBE AT HEm R, R TR e
s EEAL THH R 77 . Chen 5 (2019) FIFEEET CNN 42 1 — My e s il v 4, R A 4L
HNFIRE SN B, WE R T AN TR . Zhang 55 (2021) &M 1 — MR T 4040 TR BUR AR B
B BARPZ I 28 () FArT SN RR FE AL VD702, A FH AN [F) (1 20 ANl AN AR A s, A AE AN [ i
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P37 BT H s 1] o
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B 1 AREZgHGE SR LEZRRPIE (RGO (). FMODHREH N TD. TS, STS. TY. STY
FH SuperTY HI#T e T2 = B

Fig. 1 Examples satellite images of tropical cyelones of different categories (Subfigure (a), (b), (c), (d), (e) and (f) are

examples satellite imagery for tropical cyélends Of intensities TD, TS, STS, TY, STY and SuperTY, respectively)
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fusion and Dual Attention interaction Network) o STDA-Net A ZMii#has i TE = BIWE AN, +
B S [ARE SR BB (Spatial Feature Extraction, SFE) . I IAJ4FEHREURLER (Spatial Feature
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Kl 2 STDA-Net #8141
Fig. 2 Structure of the STDA-Net
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161  Fig. 3 Structure of the spatial feature extraction module
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171 fspatiat = ResNet(GSFE(x;) Q Sigmoid(Conv2d(GSFE(x;)))) (2)

172 K fopariaRE 2T L E Z B P HARH UM 2 B 4F1E, ResNetFRIRIKZEM 4, GSFE (x;)f
173 RIEWER AP U L2 2 B2 R 2 MRHE, QF B ICRMIE, Sigmoid N k%
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Fig. 4 Structure of the temporal feature extraction module
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I [8)33: 4 77 570 L GTFE Hedi i) 4 Jai I TRVRFAE o N 5 G823 Adiod oA i A9 i 0 A () 328
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Fig. 5 Structure of the temporal attention module
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etal, 2018) fEIZMEHH HHIEE = I B0, DUA RO Bs i IEIE S B . M 4% 9 B4
(Squeeze) AN (Excitation) PRB4Yy, SN T &I iE A U OC &2, SENet 155Gl Id 4 /-1
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RRAIE Bl 5 060 7 1) 88 S AN E R AT B G A 3R, BT SR AR R I T 4R BN, AT 12 4%
REW 38 I [ 2 I 2 > AN (] 38 3 () (A, S QA0 T [ P A EL R G 28 SR i o) 245 P R AIE
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Fig. 6 Structure of the spatial-channel interaction module
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B, KIS SCHRFAE i AT 1B T BRI, 198008 7 R OS]« I [R) R 3 1) 22 4E IR
JERHE, KRR MR, it s A& R U R B A T A R . SCI B H S I AR i A 5K 9
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MR (AR AE SR OB ER (SFED IR [ERPAESRBUSEE (TFE) A7 )-8 T8 A2 AR (SCD K
REEWE, #4587 STDA-Net A ZYETRHER G 14K R . SFE BHCRH 4R - R EUER AL RHIE 32
BUgemg, I 7x7 RGPUIZIHIR R = RV E MG MRE, A A 3X3 NERUL R A4S
PR 5 [A)RFAE, B J5 I8 Id ResNet18 A2 SR FERFAERD &, 8 10 (2 (8 A5 2 A6 8 [R] I T 4 Tty
SRR A R TE SRR S i S SE 45 1)« TFE AL S SFE BEHUY By 2 Rk FLAMWI A R CHK, SR 7<7
B BURZ S I AU (10K J SR A R, P e I T YA 33 1 L ) S B0 R A ) A o A
A R A R AR R I T OGRS B, R MRS A R J2 TR SR DU 51 (R I TR G &, A7 S8 4 34
AN R R T BRI RFAE 22 Stk o S0 I 2R A B R IZ TR AR N . B ReLU R4 AR sk
X ey e 7 A RRAIE 55 N TR AR VR BE A B S Ry, BEOREA 1 PRI ISR AR, SOESL T 77 1)
SEK SIS AR RS SR .

RilEr F5 TR B AR AE R B 1R R TE A T TV 20 B B ST R BE R A AN ] AL
BEHMME . BT e SR A5 VR X R TS B B S o P Al THAE I B g se ), v —b
TRNSZ Y RS I S RHE T AEAS S, SCI BTG MR g7 i) - 18 T 0L [ 7 2 )38 HAL o 1%
BEHCR FH A3 SCHFAT SR S0, 1 Rl R AR AE 2 1) 5 368 T 48 L) AP B A B, R T AR Gt =
A B SR PR, (AR Y RE A BN A AN A X . ARJRlI I R AR ER . STDA-Net AEAY I 1 fi
% SFE Bt 5 TFE BLHIAT 70 Ak B 24 Aot ) R [I9RPALE 5 17 58 U Fe 27 ) sh 2 I Th) 75 28 7
H, 2l SCIARY SN 2 4EFERHMEDAL, AT SEIRGACHT e 7% 8]« If 1] 5 388 38 R ik 1) 22 4 P 2 Ak
RGP o U SR B A AR
3 SEER i

AR GridSat-B1 £ 4 v (K <Uie PR = BWE NN, R IBTrACS i 8y HiR
IRGEAREE « 5 18 21 ST Ui PR A ot B 32 BB B IR, Dy 1 RS B 7=+ AR AR 1) 74
UL AR R, FERORE BT R A0 R IATIR T, ARG 2010—2021 4E 75
JEARF PR Pty U At o0 ROF3ET T A7 I SEER BT 7T, LAIGIE STDA-Net 7E 58 JZ Al
THE S 0B B SRR B ki A 241
3.1 GridSat-B1 #i#E&

A% Gridded Satellite-B1 (GridSat-B1)(Xu, et al, 2023) A I & G ¥ 41/F N STDA-Net
I 2 P At FH () R s A0e 222 218l GridSat-B1 s FH 36 B [ S0 AR UE B (National Oceanic
and Atmospheric Administration, NOAA) (Wheeler, etal, 2021) $&4tH &R ESEHIE LR,
FERIET M 1980 E A1, B 3 /N — P bR L2 =S5 51 H (International Satellite Cloud
Climatology Project, ISCCP) B1 #(#& (Tang, etal, 2022) , JHBNFEEH—IK, LR
BIEER 0.07° A IS L. GridSat-Bl = EIE@a S 405, KPR Wt =AMBiEEds, =
[ 78 56 ¥ 4 70°N £ 70°S.

3.2 IBTrACS $iiB&E
AR FH B S A B A AR P A S 2 HE (International Best Track Archive for Climate
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Stewardship, IBTrACS) (Knapp, et al, 2010; Xie, et al, 2022) XF#i<liE B2 = IR AN
RHBRZE o IBTrACS Hdi 4 fe — A A Bk VE I Pty SR PSR e, H 5 [ 1 S AR < 2 Ry
oA [ R G L R A4 RS . 12800 PR R T ok 8 2 A SR X I B R I B, B
BT AL BEEE . HREEULRES SR, R SR E R
O 2R TARS . SAERHE R 9 5 B A4 .
3.3 HIETALIE

A% H X IRTE A 0°N—50°N, 100°E—170°E P4 b A TR R ) s S B a6 %
PEBE R NI ZREE . B AE SRR EE . SR 2010—2018 4E RIS HEBIR1E NI ZhdE, B+ 20%

YENSUESE, FERIH 2019—2021 F AR A, BRI 2 E R 2 .
* 2 HUREXI S VEN
Table 2 Details of dataset division

KR 4225 BleA | PNEE S
eSS 2010—2018 12951
IOIEEE VIZREEN 20% 2591
A 2019—2021 4554

S LA LEA . AKIEAN AT LG I TE (AR e TR 25 BRI s, £ T 1T D0 ) 3 o LA
BRI, T A ST PR B U K 0 AR K OB TE A RS R i XQETE B - R4 IBTrACS i dbok-F
PRI S O I Z 26 TE AL B SO 1R o BRI ET N 256%256 HIEME, FREsIn X bR%S
F AN RN, MR b SRR AIE ) By U R 2R 73 b ) FLREAT 9B A5 2 0338 o dl i x)
PG EAR 34T 40 BT, 9326t HG v S 8 1) TR 2], oM B i S8 S o (DG R TR I R R P A R, AR
SCHIBR T S I s B, DOREZRI AR TS ARSI T T Wiy 256x256 Mk
AU R B N B, WA 18] (8] B 3 /N, BIEE& 1 24 ~U5e T WA 10 7 52 ~Uie
B R Al v 285 SRR S FF 5
3.4 ZETFE
3.4.1 SERI

ASLHET Pytorch VR FE 25 STHESUR @R, JRTERC % T Intel® Xeon® Silver 4310 CPU® 2.10Ghz
AEFESS . RTX 4080 GPU Al 128GB RAM ff] Ubuntu 20.04 LTS #/E 245 Eib47508 . fEBA)IZkid
FErh, WEYIMG % (Learning Rate) 4 0.001, fitE K/ (Batch size) 4 32, JZkEH (Epoch)
4100, KM L1 #K RBOR AL ZR451 2%, IFF A Adam AL #8 XFBEAY BEAT AL -

3.4.2 VN TERAR

N T PRI P R, A SR S 48 %6 1R ZE (Mean Absolute Error, MAE) Fll#4) 77 fiR 1% % (Root

Mean Square Error, RMSE) {ERIF TR, tHHERIEX 50 A= 10 AKX 11 Frs.

1 ~
MAE = X4 ly — 91l (10)

RMSE = LI - 907 (1D
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X, NFERPGE A LR = BIFEASE, vy 9,50 AR B s BEAA A TR B . P4t 1R
FEAE AN T AR R ZZ AR, ISR R BBk
3.5 SEUEERELER

N T AT PHAd STDA-Net BB PH AL AT Rt ~Uie s FEAS TR Z3 A 3R, AW HAE 2019
2020 4F 1 2021 4EH1 ¥ MAE {6 A1 RMSE B i tH 5045, 77 T DeepCNN(Pradhan, et al, 2017).
CNN-TC (Chen, etal, 2019) . TCIE (Zhang, et al, 2021) #1 DeepMicroNet (Wimmers, et al,

20190 DA GRS THRRSHEAT XS U b, X EE S R AnEE 3 .
F£ 3 ANFRRAER AL THES I AR CTD

Table 3 Evaluation results of different models in the intensity estimation task (knot)

. 2019 2020 2021 P
!

MAE RMSE MAE RMSE MAE RMSE MAE  RMSE

DeepCNN 12.41 18.44 12.93 18.68 12.88 18.65 12.72 18.58
CNN-TC 11.63 15.92 12.94 17.65 11.88 16.92 12.08 16.76
TCIE 10.89 14.75 11.40 15.17 11.08 15.54 11.10 15.15
DeepMicroNet 8.78 12.01 9.36 12.58 9455 13.09 9.20 12.55

STDA-Net 7.40 9.54 7.45 9.60 6.85 9.15 7.23 9.42

M 3 R LA, AHECT BT B IR BE 2% 2] J5 195, ST A -Net 58U 78 %o PG b KT P Ry Ul
SR TIAT S 3RS T AR, FRAHELT DeepCNNVARJI AR T 43.16 %1 MAE {1 49.30 %1
RMSE ff. SR SR 740 DegpGNNAI CNN-TC Z4K#i - CNN M4 Hh 51 212
WA, SRTIIZ ST VEAE AL B0 B T 6 o] RN S AR R ME R AE I AR LE (R AN 2 2 3 300t T 45 SR it
P2 AHELZ R, TCIE 1 DeepMicroNet ;AR BRI M, SR TCIE BRI JAE A 140
A ETE ) OB TE R RN, SRR B A AR E A S A A, STDA-Net S0 1 X iliE F
BSE, 5 TCIE M, 2 BIPAET34:86 %1 MAE {E A1 37.82 %) RMSE {E . DeepMicroNet
i F NG RN 2208 38 Bt 5 2 AR, SRIBURAE SE 78 73, AT _EaR iox EU R R I LF
SR AR o 2200 #aty AUIE A4 ad B2 Hh BRI TRVRFAE, 5 STDA-Net AH L AE SR BE Al tHPERETT 5T
742 Jt. STDA-Net FE &% TFE BEHURI SCI AR, SEIL T X I R RHAE R ERFAE (G RER L, IS
P AU B S AV RFAEBEAT IR BE R, DN sB BEAG THE 5 36 1 7 BB B, A RdR & 1 fliih4s
F16) HE Tff P R TR 4 R
3.6 JHRLSCLG

S J7 i, STDA-Net i@t TFE FEHURT SCT AR, B 2 SGTE R e 1 25 (R RFAE, 1800
SO IR TR AR AEAE TE R AR A 78 20 52, A R 1 Al R AERA I . Dy T ERAIE TFE ACHURT SCI
B TR RE A R, ASO FEBEAT T H RS, KA MAE Al RMSE fE PP FEbR, 5
Ik AN 4 Fim. TR BAK G R .

® w/SFE & SCI: M STDA-Net "% TFE #5i5, {RF SFE fHfl SCI fidk;

® w/SFE & TFE: M STDA-Net FF [k SCI #ik, {#F4 SFE fthfll TFE ik,

® w/SFE: M STDA-Net H[Af #5[% TFE BELA SCI ik, R SFE #Hk,
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376

M 4 RIS FEET X i SRR BEEAT Al v, TEI R AEBR T TFE B 1K) w/SFE &
SCI HRE R R T SCI BB ) w/SFE & TFE, HPEfERIILE 0 T 5 STDA-Net #AL, Hrf
w/SFE & SCI A VERE P MRS N R . FE T kel /A fg R S B A i el fld e 5 2
ST BB E (Al T B AN AT R OSBRI B A ORI AR I A P TR A B X T SR FE A
T BT A SN B . AR REEL R, w/SFE AL TR s T S R R, [
AT X TE R 58 R TR DG VE RO F2 8, B R R IR i 22 o %S I0 45 A SIS
TEFTRUEE, EIEE R SR R R B M NTERCR, LU TFE BRI SCI BEHTESR AR 1 g

J7 TR A 0 5
T4 IHRLSEIRAS RVERE ()
Table 4 Details of the ablation study (knot)

. 2019 2020 2021 P
Lt
MAE RMSE MAE RMSE MAE RMSE MAE  RMSE
STDA-Net 7.40 9.54 7.45 9.60 6.85 9.15 7.23 9.42
w/SFE & SCI 8.48 11.36 8.34 11.01 8.32 11.57 8.38 1131
w/SFE & TFE 7.42 9.72 7.62 9.87 .37 9.70 7.47 9.75
w/SFE 8.52 11.51 8.63 11.45 851 11.74 8.55 11.58

4 1A

it — B UE STDA-Net 75 #r UNE SR BEAN TEARSS TR L, A SOl vF 45 RBEAT TR ZE 5047,
I Xof AR AN [ 55 258 ) F AT AU b I 5 AR TRE R BEAT T VR 2 . A T SN ELU LB AT
STDA-Net X ity e 3 B LE I [8]_E RV ASHIER (AR RE 7, AR SO0 2019 —2021 48] ) Fiy Uie =
PR BB BEAG TS BT T T BT SR e D S A o 5 2 AR A I B PR S s L, S
N e TR FE RS HEAS T, AR SO B T R i U MG BEAT W T 23 M, I AR TR 4
AR EHEAT T AT RIS T
4.1 REDH

A5 5% STDA-NStJHATARZE /MM, N 1 AT VAl AN RIS I 7E 78 b RSP A e 8 P £y
THOT TR RS, AR SOR B B 22 AR KA 45 SR AT AT ARG 20 #T o 1 7 43 R T STDA-Net.
CNN-TC. DeepMicroNet fll TCIE PYAME T ZE AT 55 HH (KR B o

FEE 7 PSR R B U SR BE (R SERR B, IR S AL AT T R R
ESRFEAR , AN R EE B 2 AR A IR AN Ry Ui R AR BB FE AT 6 1, I I R
AR BUR BTSRRI R . RN, FETAREREED SRS R E, ¥ 75HE
HPMEZ MRS R EERE, HBUEIEHTE 0 2 1 2, MEan 1 MR REHCRisaE, B
RRY Al THAE R R e, T U] 0T S [E) RS LE 58 FE AL VT 55 Hh iR 22 R I

MEHR A i, CNN-TC #1 TCIE R BB AR REEUR, RDIZBAAEXS 7h
JER P SO AT SR Al THI P AR IR ZEOR, MER K. MHELZ R, DeepMicroNet 454
R T CNN-TC Al TCIE, {HREHMAMENFEIE LM EG HLL, MET STDA-Net, HE
BUORE BEATD AR v o 3R B IZBE B TE Aty SO BB A TF - BB vk B, (R TESSE iR 22 7 AT AFAE—
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SE MBSO A T IR, STDA-Net 153 T 0.951 ) R fH, #r UG HUS 2 A BN B
&, MR EAMATHE S SR EZ M EARERNLIER R, SRR, BRRZERVD, BAGE
i O HERA T PG AE AT B U SR L AT (i, PERERILER AL . fEBLSE Serh, SRty e
KR > T 55 G Ui . IX B e A T O BR P, 9 95 U B EAF AE A T 1
Do TXAUAN Y- (AT R A T s U 9 AT A H I AR AR X 55 e A Al T 45 SR, X 58S

Ji€ AL TR E R A
Rs BRIl TR = F A

Table 5 Number of satellite cloud images of tropical cyclones in each category in the dataset

Bl e Sl MR = EHE
TD 6717
TS 3901
STS 2134
TY 1691
STY 1194
SuperTY 1868

5 gy T AN R SRS B R U BB R AAE B AR PR SR . R s T g, R
T SR IR A B B AT R I AT T X B ISR 330N 1 5 U] S 2D, AR5 9 55 SUIERE AR 2L
BRI R T2 EE RN GBI RE , VR ) Adam DU RE OB BAE AT
FREE, AEMERSE. BT 8 UM ARCR S AT My, 5 DIIZRtRh, 55 URRREA B
BRI e 9 SRR A, NI P BT AE SR, 5 22 A 59 SBERE AR IO P A5 2t AT M
B, AR S HOZ W U 58 SURRRFIEG T (TR 2T 5 EUR R AR 9 R AT A T A T
559U F P AER R RO . IRIMAERIE B BLEE RO, B G AU SR B0 RN, BRSR ESE
FERL ISR, ﬂ5%%&%@?[@%ﬁﬁ%¢*ﬁmﬁﬁE@%m%%ﬁ*LF

®  Tropical Cyclone Point (a) ® Tropical Cyclone Point (b)
— Linear Fit N o = Linear it

o ®
R=0.836 b *% o

R=0.951
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Bl 7 ARBERRETEAE CTE). (b)s (c)FI(d)737]/2& STDA-Net. CNN-TC. DeepMicroNet il TCIE HA4[f)
AR ED
Fig. 7 Scatterplots of error analysis of different models (Subfigure (a), (b), (c) and (d) are scatterplots for STDA-Net,

CNN-TC, DeepMicroNet and TCIE, respectively)
42 FEEHRHESIGRE BTSSR S

AL IR AT SO A [R] 52 S0, 6 AN TR B RY AE R A 200 b ) s B At o488 Rk AT T VR 590
#r, KH MAE F1 RMSE 1E N faA5, 45 RuE 8 Fron. 7EEP8(a)t, RlZom i SUe i o
Fhl, PEAE MAE 8, Gl A A B R4 SR R L T AN [RGB & 2R Pt AU vt P Al v rh
KRG 0. B 8(b)r, B AR P USRI , A RMSE 1, B3 7 AR
BRSBTS st FE Al v b B T AR ZE 1B 0

ME T LUE Hi, DeepCNN. CNN-TC #1 TCIE fEH SUiE 5 B Al 11 1 A2 rp R B T8k
WEWE), FEARHRE T SR R T, AHBE A U R RN, R T, #E ] 1A
T R e 72 « DeepMicroNet iR ZEHC4%, 185 STDA-Net AH L If% A R B &2 KR Z 0
P, BRPEREANARA RO . 5 EdbEET CNN BUBBUAHEL, STDA-Net JL-F-7EX T 2 8 1
Py ST A T EEGA R T ARG MAB (A1 RMSE {8, Jf BXF T o SE 2R B (R RFAE X
RIRZEKF, RIL T AR RIS ~Uie o B Al vt A0 5 38 B, s AR VR s

STDA-Net (a) STDA-Net (b)
35 CNN-TC CNN-TC
DeepCNN 40 DeepCNN
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Fig. 8 Evaluation of different models for intensity estimation of various types of tropical cyclones (Subfigure (a) and (b)

represent evaluations based on MAE and RMSE metrics, respectively)
AT 55 B 2R ) P Ay B 5 B A AN TR RS R DAt — 20 6 AN [ i B2 288l ) e Ul 5 ik
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VUKL, AEARER S T REAREEE A 50 %R, #HRIAREDE, MEwEBIREOvEY, Kk
AN 3B AT B S L BN 70 R FEE o R AR A F) b R 80 2 DA R R AR 1B R 21 43l I
BT AR SR TS S EAE ], 05 R AR R

HT PR AT DA, i R A5 2 5 55 ) A (I T AN A X R RO AR, e HE 122 9 2 T i iy
THRZEBOVE T, A a R E VbR . BEE SR SE g of, AR BAR 2GS, g
W1 T BEE USRI 5, A THR Z B R L B 2 G K. AN, BEE AT e SR 5, A
PRI B TR BE AT g n, SR THE A s B BE K . 45 5 B vh 2 A S (1 #els Ui
RECEIAT T, BT SRREA S LR, BRI 20 R b B 2 A4 55 SO BE AR UBA E (S B TS
HOEH, MM AR 55 TR AL 52 2 TR 0y, FEAG 1559 UNe s FE I RS - M09 UIEREA
B, BRME TS ) R IE, SEUSTHRZEROR. BeAh, T3 e 5 LB,
USSR (a7 8, N AR B A B R L R T, KEFCURFEAS 5 H b, iR
B 2 S B FL G Dy e T R B ARAIE o Bl U R P PR 1 o UM PR 4 M O R 2%, S pah K,
I L2 B 5w 5 R 2R EE AR IR0, B3 3 DL ey e 20 AU B2 A% R AIE 10 58 B8 AT 5 A AL AN
i FEU A TS R A HER A X R
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Fig. 9 Box plot of the intensity estimation of various types of tropical cyclones based on STDA-Net

4.32019-2021 FHRHESIREHBEM[IT O

N T BB I STDA-Net i P8 b KT Pt U@ i FE Al v+ I 45 2R, ARSI X 2019 4 28 2021
B R AR R R S AR, N A T S BT T RTRRAR BT, AhThh R th 2R  SR  RE  x
BN 10 s . B 10 F] DUE M B, STDA-Net X /S A BAR () FGHs et AT 3 B A Tt
FOAG TH 45 B 5 Ry e TSI 5 PR A N )38 A PR R 38 R AR ORAE— B0, E T R AR L RS A 2
AR AR Ry AU DR FEAE IS [A) b PRI AR A, e S DL BAR e o FEE T ) Py AR I R . R
SLIGZE IR R, AT I = AR R AR R U HEAT SR B A TN e SR BB MAE (BN
RMSE {8, MEAH I HE—BAE T STDA-Net 75 #HF S HE 0 Bl 17 T P2 A R 2 E B, B
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Fig. 10 Intensity estimation analysis of STDA-Net for tropical cyclone events from 2019 —2021 (Subfigure (a), (b) and (c)
are visualizations of intensity estimation results for tropical cyclone events that occurred in 2019,2020 and 2021,

respectively)
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Table 6 MAE and RMSE of STDA-Net for different frames of input images (knot)

. 2019 2020 2021 -
M
MAE RMSE MAE RMSE MAE RMSE MAE  RMSE
3 8.24 11.15 8.69 11.32 8.45 11.75 8.43 11.41
6 7.42 9.81 7.77 10.04 7.22 9.76 7.47 9.87
9 7.40 9.54 7.45 9.60 6.85 9.15 7.23 9.42
12 7.52 9.77 7.93 10.15 7.16 9.44 7.53 9.79

N T SN AR s A R A N R IR G e A A A bR R RS 45 SRR ZE (R, ARSI EL T
2019 Ef) “BUALOI” , 2020 £/ “MEKKHALA” F1 2021 Ff{NSSURIGAE” =AM ARG S
BEFAE, X HAEAS FF i AU Al oh 45 SR HEAT T TR AT, 45 R 11 FoR . SEaR sl R,
LN 9 Wi, STDA-Net £ T4 106 & IR S FAT 8 P £, B 7 UK MAE il RMSE
fl, FFH AR DL E #HT e 1 SR R AR R A" FRIE 11 FTLAE H, 43 e SR A
FELES 1] A DO I ARES, 5 HARETZIRLL, S IR ZEBOR, RIIZIE Y 5 AP ey Sk 47t
TR o SEIE T BGOSR, B REREA Lr i 5 S B 2R ARG, RIS T AL REAE A 2L
AR R Rk s, B PREIN= A m g R 22, I HR TSI () B fk M e

PGS UE R FEE (1) DR Y Al R PR T 2 TR R 22 38 K I DGR R 3R 2 — ARSI 4 R
J7 HIMUHCR SR A T XA DRSS SR A o 7E AR 1) AR rp ol 75 PR 2R A0 AR 52 {3 FH 1 20 PR 2 R
LB « BE R TR EG 2 S 5 2 B TR Bk, A2 4 BE R AR Py AU R AR AR
e E YA R XIS T RZ AR SRR AE I i LA, A S ot Pty Ul pheadie
SR NASRE S, GERRUR P 2 SI RS BUAE Hry U@ PR 1 e B 1 S S i ] R
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Fig. 11 Intensity estimation analysis, of STDA-Net with different input frames for specific tropical cyclone events
(Subfigure (a), (b) and (c) are visualizations of intensity estimation results for "BUALOI", "MEKKHALA" and
"SURIGAE", respectively)
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