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1 5 7

MR R R ESRMERNES ARG
—, FEEENHRESZF U EA Uk
SR R 2 A, SR Bk N 1 RN U B
FEEFAYIX A (Small Al Nicholls, 2003; Barbier%s,
2011; Costanza %, 1997; Hapke & 2013;
MUEPE B, 20165 Zhao %, 2008; Liu %, 2013,
2016; Cao 5§, 2020). LA, 1R i 78 Z% fif X
T VRN Y- T A R UCE T R R R AR B
IYEF (Beck 2%, 2018; Arkema?¥, 2013; Kirwan
Fl Megonigal, 2013). #AT, el . St
Jil e NS5 3t (TR ol A 28 R 0 T I g
{2 RTS8 SINREA R N T N QN7 A
Pk (Hallegatte %, 2013; Moftakhari 55, 2024;
AghaKouchak %5, 2020) . 3% 88 [a] SRR IR A 25
A, A L DX P RESE & (Nicholls Al

s BHEA: 2024-12-02; FRENAR: 2025-07-23

Cazenave, 2010; VousdoukasZ, 2018; Vitousek &5,
2017; Browne &%, 2011). [FI, wifa] B} 27 H W
D PEAS A B A AR S, U S AT
S5 BUR I & 1 B 2R

T 7 7 B SRR R 118 U2 Sy 3K — [ et 11 e ke 4
BT ISR EEEARIRIE AR . BANLEE
ZR-f, LN R R R A MERLIN . A
20 22 60 AR, BEAE TR 18 BB AR 1Y A B ik
o, R T RO T R IR — A B 2 4
Jaf (Mumbyg:f, 1999; Maiti A1 Bhattacharya, 2009) .
il o S = WA (Lechner 55, 2020) . A< H
(Nabil 5§, 2020). @5 (Palmer®:, 2015) F/K{k
(Palmer 4%, 2015) “FZRE, HHAMR Z, Hir
TRERE, YRR REE %, Ak
W RCA W, RTINS, O R T
O3 NG SRR AR R (2RI 2
2025) FEZHT WK E (Wang 5, 2021)
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i (Klemas, 2012) F1X3 (Hasager, 2014),
O EE DR ROBE AR I, 3 () 3 W40 0 B AIG . ¥
TESRC (e . £hEE) 2 1) S5 Jou P AR AH e ) 2
A PESR (Abbott Al Chelton, 1991), i & 7 4l 42
WEASEG (IRiE) JiasA/Ksh 7R (Sarangi,
2012) o AHECZTR, 9 i o Sl L il Vi XU Ry
PE, WX . SRS SR g . B
0, ) A 2 SAR SR 19 L AH
FRAE S0 AR VD & A5 B, (R e JIR T il
AR IR SO AR (Gu s, 2024) .
BEAh, i R R SRS e I S MR e, H2
AR EIEH . RBUSATN = JZ T PS5 R R,
SR i AU 4TS LBk (Abualtayef 25, 2021) .
X T ah SR R (AR K ), PRt R H R
5 1 ST A R A AL B 1 ) S B AR

RS AT R R IR EOR BRI G E UR LU
PBOKDLAE . B R FIAF L (White
FEl Asmar, 1999; Shalaby #l Tateishi, 2007). #k
T, G2 R A L 2 )T ity PR P AP e R B,
TEFERZ . ZRAFMEWRE . BT
B, A FLEET A SAR (Synthetic Aperture Radar)
REAL R AL 4 R . AR AR, H A 7T %
PEAE F Ay, AELAT) T Iim A 13 PR 55 [R) R Bt T
Ve B AN Z 0TS AR BRI K T, o PR T
HARBWE N, BEFE N DL BE S SN0 40 M WL 5%
T A R A AN B, 3 R R A I H s
o AT W . TR KBTI A A AR AT
4% (Luijendijk & 2018; Mujabar Fll Chandrasekar,
2013a; O’Reilly il Werdell, 2019),

JEAE g R R R EOR IS T B kR, (HAE
SR I AT T i i 22 PR AR T X T M Y 1
K, AR50 B A PR T Be AR SR AR T g
RS IR (L%, 2020). H R E E R
A 2 e A TR 1 SR 2R 2R . R
RSB E, 28y . AR, BEsh 5%
AR, PR A SR R
Z RN A WA, mERIEMEE L, wE
g . WmnEUE . BOCE BERES, XL
o R A A B AN 23 B I AN BB M, A% S8 R B
b RT3 L e R A H A R R

TEME =, NTHEREAL (Artificial Intelligence)
BOR, ROl I HOR, BBEE H Sh4e UBE
T SRR, O b B 3 JERBUHE B AL T AL

B fi e % (Li %%, 2020, 2022; Wang F1 Li,
2024a, 2024b; Lifl Wang, 2023). Mgt
PRAEA] (Rosenblatt, 1958) F U4 IR % >+
AR, ARG THHER AR, R, ALE
BN HIT A ARE F AL BT AL A s, H
PR 5 8 0 A S DR IR A IR T SZ2 BR o Bl ) %
B 04 0 LA SO ALE R Re B T, TR
FAIFER LR R, S TAYEY . A
[ IRBR A AR U ) B

W AT, I AT PR Y M 5 B A 3]
TRFRT. ETRE S IEGFEAR, W
U-Net, DeepLabV3+45, i 153 7K i1 £& £ BOKS B2 K
RS2 T, BERE F Shik W AL M 2418 S R
(Zheng 55, 2024c) . WLAN, ZWSAASZAREY AL
ot = T LTS AN i NN (30857 A BN
SRS MEMRE Ty, (AT AR AT AR A A 42
IS (Mauryafﬁ, 2021; Halder%:, 2024). it
B B I KOt 8 . SAR AR . WOLH
KA ZRVBCR TR, T ALE AR (1 B A S aE Al e
J3, AT A g — P b 5 DX ) B B A L S A T
4T (Gao%F, 2023),

AR SO A T (71 BT AT 5 AR A T i 2 SR A
B PIRE , R0 HAE A S B AL BE . 25 RS AL
e Rl K v b B I ) G E T . FEASC, FR
TTEE ROOGHE 1 A0 SR 2y 5 2R SR U

(1) ¥ /KM th P IS | R =B H
SR ] T K RS A A K 3K S (Muioz
S5, 2024) , XTI 2R UT R JE R AR I A ™ B
r (Bates, 2022; Radfar %%, 2024; Mujabar I
Chandrasekar, 2013b). VT4, Hm RS S 1F40
K, BT RS KIEI, AdKE RUS
AE (Mahmoudi 25, 2024 Thompson%, 2021).
Hitt, BUHEEEE . B3 biE&EoR, U
T W RS B2 AN FUE R T, A B A R AR R A
SCHFo

(2) KL BRI 1Rl 0 2, 2 ) [ Y
HoE 25 bl (Zhao %5, 2008; Liu4§, 2013,
2016; Cao%§, 2020). fBLEHIN 5 k32 B T3 548
FIFIA, JCHAESIASIE T, MELLmAL . Kk
AR . P, K% A S LR K2 s B AR,
XoF T4 e 2 A R A ST R B 2R G

(3) V7K 7 58 2 1 ot 7 28 U 1) o 2 2 L3 40
(Zhang%5, 2017; LiuZ, 2023b), X2BERBE%L
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ML T R RAAREEE X (Liud, 2024),
SR, BEAE TR MR, BRI TS G AR 25K
Kol (FAO, 2022). &Y 57 58 % B A HE R Y)
TR BOKAR E E IR, BN AE SRR E
(Liu%%:, 2020; Zhang%, 2023a; DuZ¥, 2023),
PR, HESh IR . 4 e 77 GE 1] 5 22 M L
RSz, BT EES N TR RN ENEA,
R A% 52 I 77 B P15 1) S I VP 5 B R A
HRE A IR A ) S (Lin g, 20205 Peng
4, 2023),

(4) GREEE A W AERKE, EER
TEE I SR K, X ARSI R
2505 1 Y 5 35 F2 1 (Smetacek fl Zingone, 2013;
Xing %5, 2015). SRR FE R r—F &, B0
JIM, TEE BRI DA S KB 5K (Ye
45, 2011; Zhang %%, 2019). T Hope s A8 fk Al
AN E PR, AT R AL TRE L M N ) %) - A A
SRIE, ATHR ARSI R SCBEMERT (Xing 55, 2015,
2019; XingﬂlHu, 2016; Zhou%¥, 2021; Sun%:,
2020; Hu%%, 2018).

(5) R HPEE N “HIRZE”, S5,
M eI 2Bk 3 RAEB ARG (Salimi 55, 20215
GuodF, 2023). EADUEHEEATHEFN, H1E
AR L W SR R R AE W 2 PR R A A T T R
HEAZERMIER (Barbier 3, 20115 Wen 4§,
2023) . SR, TR TR Hb IF T I PR R Ak 08 JE
C ek HIB I AE S KRG Z— (Gibson
& 2007; WatsonZE, 2017; Weston, 2014; Yang
5, 02022) o MERBREE SIS G R, R YRy
FAEBIIRE DA A 8 AL 52 i 1Y G B 2
(Geselbracht 5%, 2015).

g Bk, ARSCR I 2 AR, R
DREE 7 A BORAE KR AR I, Sl i . 757
B DX L e T B TR e A M ) S
BRI, 00 7 H X PR R 2 AT 5 A8 B S B Y
BILSZMW . AL, AR SCEMG R N TR RE TR 17
TR AR A SR T R ) SRR, BT B S AR DG BE
FRNAGEARIFRER AN ENSE 5ER,

2 ETRESS5ZWREBGA W
PR 7 A

TR Y o SRR A T A D DM 2 2 — T e 28

FEXHEC B A 19 7 3 o ¥ o /K v ) 1A Shy K o ]
MEZ L, LTHEZZESRSREZMET, 8@
WA SAR R AT 00 o B TR, F3%
HAE SAR BUE b 5 [ BURHE 5 i, AT
Al b Ay 24 R0 52 IR IG Y JK B (Liang F1 Liu,
2020; Zhao%§, 2021). A SAR &S F K
il PR KR (R JERT 45, 2023) . 4AT,
BT SAR BUR /KSR E F 4 R 325 B 1K
Ry BEF B AR K AR SR IS S 55 B R O
ME T EBEE (Martinis 25, 2009) . X 83 K
(Matgen A 2011) MG it @4 (Giustarini &,
2016; Chini %%, 2017) &%, 2 2 28 mARfb A 7
2, XK AT S 0 SAR MG, RSB i
5 R B R AR R X LA 2 KW YE L (Hamidi
4, 2023) . (HIX I IEX S5 AR MR R
B, Gz . RASFAEE R T,
PEWORE L . LA, mUmISE ik AR R A, (H
XF S B E RN T LMo s, Bi= 28 (Al — 3K
P, MELLIE N SAR SR AR AE AR SRR AIE

3B IR ) o ST AR KA AL
ABLRE T PR AR ERARE 7, TR B 2F 2 T AR OR AE
SAR FEZ K #E$ B h 15 21 )12 W A (Gao 4%,
2022a; Guos, 2022; Huangf’ff, 2024; Wang F1Li,
2024a, 2024b; Li%, 2020, 2022; Mu%§, 2022,
2024) . AR, AAT1ZEFIRIEE 2% 1) SAR EI5 K
WA AT T KRG (Jamali 55, 2024;
Saleh 4%, 2024a, 2024b, 2024c; Drakonakis &5,
2022) . REBFIL 5 SAR FIMG 254 ) Bl ok K
PEMA) E B . 4, Liuds (2019a) $2
HR L TR B A B 42 I 45 1) SARCFMNet B,
TR A WU Ak SAR S AR B T 2 K e 225, 7
N T 2017 AR RS AERE R A Jiang 5 (2021) 42
TG B AR Felz—CNN, - 12050 X6 B v K009 AR 4
FE 2020 ARV K U 93% F194% (1) A4 7= 34 5
AP HER R . Zhao 55 (2023) U5t 25 A il 22 K0
%% Siam-DWENet, 455 EE55 1087, &I
HI%T Sentinel—1 FZ 7K ¥ X B TR GE 71, Chen %
(2025) $&H T —Fp LTI K HE Fo o A B AR FIE-
Net (1), 1 xd 5ol i) it K 5 %k B 1T S
5, AR T T B A X 2 AR T . X
5V A RS 25 T i st K SR T AR 2] T 5 IE
FEI M RO A3 I AP O R
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HKFE%(256, 256, 2)

SRR aaaesT | S ERBUSTRE SRR o0 mremesnnn
‘ SERLL L e o () BALECEABP BRI, - 58 1x1, Sigmoid |
LA ddgd o1 17 ‘ ‘ 7| |
~Relu | L-ﬁwmmm%mm " gramompEn |

K1 FIE-Net B85 F 7R 3514 (Chen 45, 2025)
Fig. 1 Structure diagram of the FIE=Net (Chen et al.,2025)

I 43, Vision Transformer (ViT) 1E M 2%
AR B  SAR EMGOK WS I 55, HIAET AT
BB Y 42 Ry AR BE g v MR 1 A AR R 2% 1Y Je) S
7 BFBR i . Saleh %5 (2024a) #:H SemT-Former,
T ATE LA AL 2 R T T AR IR B
TE 75 P 1 88 Y kK 2R 5 58 vh 4R 808 3
90.6%. Saleh % (2024b) i — L4 th R (LI 4%
LiST-Net, it 5] A BISBEEI (GNM) Fil4EEE
LHFEFEHLH (DIA), FESETEF1 R 94.7% 1)
[ i KR AT ST P4 . Saleh %5 (2024¢) BTy
DAM-Net il 2 22 73 5 AL #E X or K AR S A
hAE1E , 7E S1GFloods £ 4k 1 F1 73 %3k 96.5% .
R VIT BB S AL P, (H s & At
VIR EORES, HAEHYHERE . SO AR 0
AR SSh, JR R SCERBIRE I A T T, Ik,
ViT 7E K 3 O i3 P AT 75 72 B RS . 2
FEAL i B s it — 2 E S5 et

3 15— 4 SAR B AE M B I 4h, 2
T S PTG 1 K 5 L T Ay 7 v G N i 3 1 S S g
(Konapala 55, 2021). fil41n, He%§ (2023) 41
— RIORE TR 5 ) 5 1 5 RS AR ARG I T 1 4
{14 7K #8460 5 2: CMCDNet, it FH 3 4 1if 1) S 2 14
AR A HT G AR AR e B i 27,
#5 7 ToU  (Intersection over Union) ik %] 89.84%.,
BEAh, Zhang %5 (2023b) #2H45H GF-3 (http://
www.cresda.com/CN/[2024-12-02]) FIGF-2 (http://

www.cresda.com/CN/[2024—-12-02]) YR J& 24 3 N
2 ST HERGA 1S m RS K I HI & . Zhao %
(2024) $EH T —Fh 3T Oh i B 0 2 HE 58 1) S5 S it
IR VE R IR (H-FIENet), FIFH2s A —3
ZRIAT K G AR DK B4, Jf i B
155 SR L AL SR, e T I 2458 2 Hp ) K AR RRAIE
R K SRR R . H-FIENet 76 A [a] T2 JE AN
HoK G R EATIRAL, SCER SRR, kT
LIRS FRAG 1 AR BB RS B 1t 0.94,
JEBLH s PERE . ZURALA T ki $ A SAR
(14 4 KA LI BE 77 5 0625 FAR I = 25 0] 4 B R
FE— SRR LR T B — B VR SR BR . SR
T A AR TR B | I 458 DS E 25 T 47 T8 I
b, JUHAE R LK S P AR b B, XK
P AR IBURBC RS BB Hh T o = 2K

25 BRTIR, SAR MR FEAE H A KM . 2R
(LI BE F7, Ry i e 7K I 22 B0 T R 1 B
SR o R 27 > MR FE 58 K B 4 AE B BCRE 1 AN
RO, BT T K A I R RN AL
R SEG TR, R RS ANUREY A gh2#
288 2 R R AR AR B E, 10 RE  A00 B B0 1) 348
WA STz fLRE ) S E et

UEAER , TR E % > HE BRI 25 5 ek 1) 5 5 3
b, 2 HESh T KA I B AR B & i,
TG Wi B 2 ) T A Bl 2 R b T B 14 1 5L T R
RIRICBIR TR RE 1, B R > il B AT A
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RN RS 2T AUk K 3 5, el 2D o0k R 4
P AR DA, iR Ay > WsE ot 22 B A R
P B AVTE S AR PR T A3 P o 3 Ty 1k Y Rl
B AL 1 TR FE 27 2 AR Zhoiod 72 vb I 1 54
i Sfe N 10 JAS 1o S (0D AL, 30 Sy 2 T 7K A Y
KA E R A TR L

KK, 455 ZEBEE . AL 28 4
HREHWE A K MG ib iR, %
Pk — 2 HE Bl SAR SZARTE 1 17 /KW il v B9 R T
HUTHE R TR LA B UE | R AR S
3 TR DB J FAF T
R 7K T 26 e AR R

1 G 1 8 B AR K I AR IOy vk 32 A 4 1]
{5 #E): (Ryuss, 2002; Pardo—Pascual 5, 2012;
RRARUUAE, 2003; BREE 2F, 2014) . AL
(T2 4, 2009; i tHsR AR, 2013; 54
4%, 2013) . JEShFR BRI (Mason Fl Davenport,
1996; &% 45, 2010) , M6 X Rk (Ge 55,
2014; BIHIW] 4, 2013) . XBUAERKEE (0TS
45, 2007; AR SE, 2017) . /NEARHRIE (RRVE
FIKAE, 19995 #Hh224f 55, 2002) . X LLT7ikEE
HOAZ R S RFEAIME (AR BE(E A ), 3
XL SHE N, B R BGER T PR AR
IR, s i BRI PE . Pt
BT IR 2 09 A sh AR D7 A O T v IR ik 6 ) et
A R A

AR, RBP4 (DNN) 48 A T8 fg
Hi AR AE W v A R B B R S (Wang 5%,
2022a; Liu%g, 2022a; Zheng &5 2024a; Li%g,
2020) . FEFFAENLASE T, BRI K L
Bk i Ay )8, DNN Gl I [ 82 2 U4
fiE, A T AR R FE X R B AR i
Bl orHUE S5, BN T 2R r DNN AR,
B, Cheng 55 (2017) $£H T SeNet, i i Jmy &
TEMIAL S A B THAFE S HAE 77, {H SeNet 11581
Ak, HSHZRIR; HedF (2018) fE SeNet
BEnh Bl ANRE B, BEAR T IR AT
S T B R R FIROCR o AR, Li%E (2018)
2t 7 DeepUNet J TOG2% 58 Y MERE 43 %) 5 Chu
45 (2019) T Res-UNet, JE45& S&A1FHINLY
CRF (Connditional Random Field) FEEiT /5 AE,

e TR ERCR s Shamsolmoali & (2019) $#2£1H
[ RDU-Net i o 25 4 1 e 1 3R 2 B S 2 R
RS, 7RG 2> 5 T R AL TR G U-
Neto 33X 85 P 0 TR 5 2 > S0kl 3 0313 118 1o 2%
DA AN pR %, RES B L 1l 1V %o 1 RS AR A 52
ZVEFNME RS 40, $ 1203 B ER A R

TEIK R B R I v, R B 2 o) Bk Je
HsR R IE WV RE ), U HRTER AR HE | 9 26
5 K 2 RO B IS & 35 r i, s 1 g ot
Ji€ . Dang 5 (2022) FI ] 22 B o > #5500 %) B
T R 1 R 0 R R G AR AT T K SR I
75 R W ax SRR AU RE A A S50 I R 2R MU AR A
S LR Y K B SRR R S AR ) B e
FZALRE T s Zhang %% (2022) $2 3T IR 2=
() WENet #5884, I\ SAR SEAZ b sl 2 $2 1L 1 Hh [
MUY R B EARE AR 1 2 o 2B X W MR BT
FE G VA S W A Sl 258 Ak, e K B ) PR
T ORFFRRE RYHRICRCR o AN, RS IE BT
WENet 14 # " 2 4F B 805 5 A A DEM  (Digital
Elevation Model) , A ] 3k Hh 55 2 25 W 0 241t 1 32
R o BT S AN AER IR T T B 2 > 5 1 5 3 g
AR, T 0, ik 3 B R AR 971X Y F 3l 3
T2 J7 T A BN E . Zheng 5 (2024¢) 2
22 5 R B RS YL 9K DFFD  (Difference—Focusing
Fusion Decision), WiE—32T TR E 2SI TEZ 5
HERIE BGUARTPIN RETT . 20 i R 10 m
20 m F140 m 43 #F R A DNN B (& 2), FLET
K 1R BHIL X I8 MSToU 456 R 8k, 48 T
KRB BUR K B . DFFD HESR BN T AR vE
e, A PERN RN SRS, e T
BT A 52 24k ) () P 05 vp A 3 O, AR Ak P
FRUBE AR AW . 1) 388 SRS AR I Jre 0 e A R L 3, A
GERW, ZOITE ATz W T I T R G
R, RS T2 ) T R 3 AR AR TR A
ARIHFo

i b, TR S KRBT AR
R IRIE T JRE AL H Ao A o7 P A A 4 BBOKRS 2
AE 8 A7 30 v MR A% 58 07 WL AR 18 3 717 18 G AR Ak B
AR BRVE, SRR MERR B KB, )
SRR EAN 2 W K BEAE A 377 X R B RZ R
AR RN ARG AR . W s | R A O
B ASE Ty W A gk B B, RAEHE
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TIEAE KL S ORI T 3 gE e, (AT T s
— G

B, BARZALRE IR o TR R
WRM A, WARENE ., WEUER . AR, AW
MRS, AR R LA . SUAE

SEARFEES . WA MR R F e
IR O B X R B R A, (HAT RS 2R WL
i B DX, AR BORS B T BB 3E TR X —2
HERE ST A PR TR R R . 257 2
FEPUT S5 AR -

B || 3
clZPei

gﬁﬂ.
9 a . ‘.‘e Ll
o 9
ﬂ b !l P
i’/ i, — ¢

0L

P msmm [ 9RER - TRE - &Y

(a) DFFDHESL/R B & (Zheng 45 ,2024¢) , 2RO FT 3k Fmi% i iR RO EHE I
ANEATATHERAE 2T S LR IS8 SR B i 4V
(a) Schematic diagram of the DFFD framework (Zheng et al., 2024c), black arrows

indicate the data flow in the method without any operation, and the bold plus sign

in step 5 represents the mosaic operation
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(b) FET DFFD S5 4RI 2015 4F—
2016 AFAN A I BT IE X B K i R
(b) Tidal flats area as well as elevation
maps obtained based on the DFFD
integration method in the vicinity of
Sondibu Island in 2015—2016

K2 T DFFD 73 %I iK1 20 0 K o B T S e o 18

Fig.2  Waterline extraction based on dffd segmentation and its application to elevation illustration

U, TR > BRI T T AR AN A i
Kt AR R ) T R BB T o I s 1k RE A
T3 e R g o AR bR B, T A
B AR I R BONAR TE AR B o WAk, IR Z
W 46 JE HOR B A AR XTI BT IR ok B, 7
MEPEPEREZ IRAY 7 5 T ML oty . L, 8
A N AR TE RO O AR . DL AT 5 28R DL
AT S IR BE , ATH IR AR RIS R 5 i R 14 ]

P, Ok — 25 3 TR B 55 > A 7K 2 AR
55 T BRI E, RAWTFE AT LU AT LA T7
M REIFRE . —ERMAZEEER S, 45a8ts
/. SAR. LIDAR (BOGTHIE) S5 2R EdE IR,
B v A TR X S 90 Rl PR B BRI WL RE T s TRl
MR AR, SRFFIRZEN . RABITA . Bk
SERARMACTR B~ S BRSBTS R B, DA 5
BE e SRR A M % 2] SSL (Self-
Supervised Learning) FlIZ/DHEA % 2] FSL (Few—Shot

Learning) 775, W /0 X5 KHELFR 3 E0 8 19 4401 5
DU 2R FHATEGE Y (Domain Adaptation)  F14572
& (Domain Generalization) ZEF7 A, i {5 R GE 08
T AN ) 7 2R B, R A RV LA A P

Bz, BEE N TR BEHOR 5 8 B IR A
filtg, KBy A shik b ae o R T, X
AL RE U HE S e 2SI K R, ¥ R it
AR TR TR B I I A S A
SR T BRI . RO, BEE BRI WL E,
OREE “7 2] T K S R AR TR rb i) i FH 5 0 it — 20 R
B, DR A BRI A A PR LR A 5 AT R R R AL
R TTHR

4 T IRPBE S ) Bl R SRR IX

R
HEAFRACAE A B AT A O 2 40,

S 53 B SRR AHIX P 5 4 AR X
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PR 2EAD (&3), @AY 2 H Tl 575
X Wi (Nath %5, 20005 Wang %%, 2024), &
FRHH X PR TR RS, EobEd iR A% -
B ERREFIEE (LindE, 2020), 10
TE SAR BGRB8 6 25K (Fan %5, 2019) .
AR, M Tz s it o8 £ 2 AR 0 Aol B 4
Landsat. Sentinel-2 MSI (Liu%g, 2020; Wang &

2022d) Ot 2F @ R R, DL M Sentinel-1,
Radarsat—-2 % & AL Tk 15 (Chen 55, 2024;
Liu%%, 2023a). #A1M0, HF2FHARET R
FEIEIX (1432 JE S AZ ML RO I3 DR 28 8 Wi o AS T
PBOTERA 225, W ILABE T 2 55T X
PIFPZETY,

(a) 2297 S A TRIE X (FAEE T I AR 2R )
(a) Full-floating raft aquaculture zone (Liu et al.,2020)

(b) FRAbRMEI- 77 sh G55 X (Chen A Li, 2024)

(b) Semi—floating raft aquaculture zone on the Subei

Sandbanks (Chen and Li, 2024 )

K3 PR CTRaE X R

Fig.3 Schematic diagram of two types of raft aquaculture zones

41 EEFFHEXFAEXEN

27 B AR IR A R T AR g A 0 H LI
e R A, MR TEER . MTRERUK R
R, FRFHMISE R IETRAEIE b fE G iR R A
G, a7 sh R X 5 JE R K 0 R AE 22 55
TEL LT AN . 200 R fa J B B 8 (Liu 5%,
2023a); IMI7E SAR EMGHr, 77485 T LR —
T A RN TR, L ) IO R R R A —
(VV) AN T (Fan4s, 2019),

g i) T Eh AR P X AR U ik F BT
325 B{E (1 4%, 2018; Wang %, 2018) .
T XM (Fan %, 2019; Ai%%, 2023;
Wang 55, 2017) FZMALEE 2> Ik (Hou 55,
2022; Cheng %, 2022) . R Rl 14 Al 205
M, BRZEE RN SERE, TR 55 30
TG REGIANRRZE (Chen Ml Li, 2024).

ULAFfe, VR A% ) 7E 3 B EUR 4 F U &
Ml , BEUEI N T80, POl m s i 47
KRR N2, © A 2R e XTI E X B B TR
FE2E ] M A (Liu4E, 2019b; Cheng 4%,

2020) . Horfr, BRI KL P2 R AR HUHE
28, W Jiang FiMa (2020) it 7 —7Fh 3D £
M 2% 3D CNN (3D Convolution Neural Network ), JH
Tl it GF-2 T BIMRIUNE 2= i XA 57
FHIX; Fu%F (2021) $iH HCHNet, FFHERALH
PERZEMIT R 2 ROEFHE A N SUE R, AT
GF-1Jt TR B, A T 2= [ 23 R 0 16 m 1Y
K E SRR HF K SR AL s Wang % (2022b)
KT 3k A BRI i B2 4 BRI HICDE IR 75 X SAR
PG A VE TR A XS R R TS e, Ak,
bR B2 27 > HE B8 5 1% 1 VR 97 A X4 IR 55
Fio Lin% (2023a) #2821 —Fh3E T Swin—Transfomer
AY#E Y SRUNet, 4 Sentinel—1 Fl Sentinel-2 K%
P WOUT ¥ A AR A DX I, 2 a0 v 0 R R AL
iLH)86.52%. Lu (2024) $2i T —FhEE T I& M
N —NIRE H ML (BINet) ] THEFRAIX 1Y
FEW, AR R T SR A DX B IR 32 SRR DN 22 ]
HIHFISEHR

BEE R E 7 D BOR D, WESE it T2
Fofr R SR s IO o) 1o SR P A5 o B ASE RLIN 5h A PC
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TR B AR A ), TG W A ) O ke D
XF R bR B (R R TR % . Wang 5§
(2022¢) #EHHEATCW B RE > (IDUDL) Jr
Be, BT ARPR O K T S5 XA S5
IDUDLZE A FRESRIUN 2% (FEN) 5aBB0E Ly
I Lg (FCSSN),  FFAE K% AT P Hb IX 1) 155 43 =
5 (GF-3) J2 RADARSAT-2 SAR §¥4% 15345 %%
Bk, Rt — PRI AR IC 8, Fan%F (2023)
P H B EEE A (STFF) Jydk, shfoe T
H B2 i TE A B2 2% R AN - i [m)

UL, SR AR AN ) A8 ) st o A 3 o (]
R — TR 2 ) e SN A PR o Tian %5
(2023) #EHEEITESES] (MTLA) ik, #
P ETTNZRBY Be | ARG R i, W 4tm 1
SAR S AGAE AN [R] b DX AR £ (0 15 Y 77 4 W IR
BEXIAR Gt U-Net 15 AR [ 5 S 500 [n] {8, Liu 55
(2023) 23T R RO (PSO) BY U-Net =
eIk, AR T B sh A B ALH], AU
ALT U-Net IS8, i3 T RRNEFEASE Y
EUZAREREBORCR . th TS W 1L, s
FATFFE WIS R R IR B B AR, 4R TR B 7 > B ALY
kTR GIMER . H R DX — ] 8T, Fan F Deng
(2024) & FEHLIEE GG A 35 BRI 2% (RSC-
APMN) , 2o T 350 45 0 Ak B8R 19 3 7 5 R B
AL BFR (5 BTl 2e d T4, L5 Rz
TR A DL BB AR K 7 3R A H AR 4R
KR .
42 FEFFHEXFERX EN

R T T s U IR0, 277 sl 3R
DX 3 A 3 BBl e /0, G v e ] 5 A e I e DX 555
558 DX U2 R fg 2 7 B A8 U FR 41 X (Chen FT L,
2024) . FRAbTERMERY R RSN A AL AT (FEEE
) A CE AR fdiss (EEMER) MR, I
WA BAE) T R R AC RSN Z b, SR —Fh R
T E R FRELE R (RIETR 5, 2018). S5&77ahiF
BRI, SR, Pirah R Itk
— AR L, TR B W 0k R T AR AR
AR A7 B 1) 3% SR 5 D) S B A (T D) A
L SIS FRAE , 1 PR HUAIME . SR, £ SAR &
G, s TR I R CEREA R )

ToiE SRt 78 1 J5 M HURAE S, BIXELL 5 K X 55
s AR, AR B 2 77 B 2R AR 5 A X
WETE 170 2 0 AR HICSR 5 4, 3k 3 SORT AR IS 0%
()28 U AL B VH AR {6 (3 B —7KF, Vertical-
Horizontal) [R5 A 4 16 7 77 5 X 52 BR v [ 30 o J3
R DU 0K, R A T M 0 7K S S 55 [l i
JE A M A0 A T B A AR, R M 22
(Chen #1Li, 2024),

I b VR 118 58 S S B DX 114 328 J ) 2 O A
VP25 0 A B S iR R RS (Wang 5%,
2015; Smetacek il Zingone, 2013). Xfi%FE5H X (1)
KB WA e A K SR LRI B L S 4, iR fES
BRI ARAEELRN 2 A (Xing5E, 2019; Cheng
A52022), HT20174E—2021 4EAY 49 5% Sentinel -1
A8, ChenMlLi (2024) 43H7 T A [F1EAL AR
FEZE R T 7 I AL 1 M VARV 5 9 IX A SAR [ 1
{RBEE, JFHEH MAZ-Net (H4) HT M Sentinel-1
VH AR 32 BOZ IR FRAE X, 200 i A A
(I F1BGA S 94.77%, BINA REFHLGEATERE; %
FERLIR R T 2016 4E—2023 4F 5 b v W I 7 57
FEIX A3 AT 20 TAE D, Jf20 8 7 2016 4F—20234F
IZFREE XA 8] 3 A TR AR O

ZE FTER, TR AR ) 4546 I SAR U
Shy 56 30 IR B DX N 2 BRI T A ) SRR
Ay A 2R B DX EL A 55 ) 9 B AR AR, ax sk
FEOEAAER T T BEAL R H ARG B, oA R B
S TR AR BRI T RR B T 1) . B IR IE
HEE SRR 25 5 W (0 S DRI i 2, A R A B JBORG B RN
BN R vy A BIUS E—2ge. flan, iF
R ) | JC W2 ) RN A N I 4% 45 T Tk R A T
R H R X B L MRS TR AR AR AL, Hi
PRI ARG A T Iz AkRe T . eAh, B
BEE AR FEE RAERE I B3 T, A4S & o B R
ZWIHH ., 2R AR A o TR, it —
AU IORS BE B AL T R T . Rk, 4
Gk AT TS W RO R, IR 2 T A
Vi R DX e P R R RS AR R, AR T
K, OB e SRR B sl Ak K7 i B 22
PERE, R REGEUR A BRI AT AR K R R L IR o
AR A
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Fig. 4  Structure diagram of the MAZ—Net(Chen and Li,2024)

5 N T HREE R ARSI W S
A b ) ]

V00 4 9 2 ) 1) 43 AT 5 8 A X v L X1 A=
SEHMIKEGEAARER L, DEBERHEA
SEAR LT A ORI S FB1 R i 7 U R A0T L B A
T A T B, Hodrol 3@ O SAR & 1 194X
PEJE (Cui %5, 2018, 2020; HuZ%§, 2023; Xing
5, 2018; XufE, 2016). E#FEFHEEHARHNY

FREE . BRSO LA B B L S A B Iz N

(29,4 85.7%) (Pan, 2024). "PAEIFHERE 1%11[1
MODIS (https://modis.gsfc.nasa.gov/[ 2024-12-02]) .
GOCI (https : //oceancolor.gsfc.nasa.gov/about/missions/
goci/[2024-12-02]) &5 RE L BLAE H RIE FW
W, 35 G ) B I R A 555 T s 43 R
FZAR N Sentinel -2 55 F 5 A AR X ALK H 85 T0
LG aaR I, R T TAS o S50 BE R AR
I &5 2R AR 25 ) 0 B R R B A FRE M (Hu 58,
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2010; Jin %%, 2018; Qi%, 2023)., BA MR E
B, Ol G A8 b n i & S IO 125 T 2RO H:
JCTEHFAE . WTLLAMIE By 58 S £L By o
WOk B RN (BT 55, 2017). FETiZ0t
TERHE, BEFE N U ED IR R B, I — A

EENDVI (Normalized Difference Vegetation Index)
BT IR KL FAL (Floating algae index) . J 01 J&
LTI VB-FAH (Index of Virtual-Baseline
Floating macroAlgae Height) %5, JfAR¥& H 0 fi %%
45 RVCE B (8 DA s ) 1 23 A (Xing A1 Hu,
2016) .

AT R & Ry T i T G TR )
BTG 2 2] B ) B U5 s DA HORS 0 v 2 1
PB LW G (L4, 2020) . Qiu%s
(2018) A sE MG T e AL AR L & . SLiEfe L
AIREPE AN H LA PR S R R B, AR TR
HAWZEZ )2 B 4% MLP  (Multi-Layer Perceptron )
345 B R T B 5 3 0 06 1% R4 B) 45 2 A i 1 4
WUEAY , F1A3 806K 51 90% LA 1, (R FAE5 k.
Wan 2 (2021) & 1 {if 23 ) 3 B bl ot 1 K
23 [ B 5 2 AN T8 03 BOK—BEREAR A BT 5200
BE T — 4 A U 22 ) 2% AR ) KR TE A R 2R Bi-
LSTM (Bidirectional Long Short-Term Memory) #4
HE R I 2% 2] R EPRTAE-Net, #5814 F1 434
ToU AL GEiF & S UL 3 ) 32 i 20 10% . 6%
Cui 5§ (2022) 2ZiTF#%>] (Transfer learning) &
TR A, A T A R IR TR BE T S 03 ) K
%% SRSe—Net (Deep semantic segmentation network )
DAREEARREL 70 3 X S USSR B S22
ffi 1] GaoFen—1 Tl 2575 B 52458 4 PE R S Bk
i MODIS 2R 73 B, gEmi S B & 32, Bt
RN TIABE . GaosF (2022a) T 40
1 Sy BRI U-Net 14 12 7 & $2 BUA Y AlgaeNet
(5 (a)), ZBEEFHE TS USRS RURK—3
FEARANF B SR ISR T A2 58 U-Net H.
12 #5 R T] 7 )i 2 Sentienl-1 %5 SAR 3212 (Gao 55,
2022a). FRTH, AT WOGHBON KL HUR, Bl
IR 22 7 22 55 WY SRR IE ROR AR 1 i) HISE AR 1)
Bk K it (Hu%g, 2019).

SAR PG AE L3 W I v i R #b e 624 4R
N 2= W KA B B2k . C Uk B S5 &
2 (6] AT HO R o, T R AU K
f, AR R R B TR, B TR
B RN HEMBE (Qi%F, 2023). 14k
WO T 2 RO R R A, T SR
SRR (XuZE, 2016). BEE ALTERE X 43#)
SR HE S, BT SAR RS A0 I R EURS E ARk
RPN T BERT. GuodE (2022) [AINF & T HF
BIESAR AR LI 225 . BOHRHIE MR A %L
2R, 3T U-Net (Ronneberger A 2015) %
TFT % 1TTH T SAR S AR 32 BUF 7 19 558 GA-Net
(5 (b)), ZBARIELEMIE T U-Net, VGG16 5L
il U EER (Guo %, 2022b). YuZs (2021)
it 11 28 T 5 AT 4 2 1 45 25U SAR SE AR 5 4
WARAE B R BURHIE S A A, 55T MobileNets
Fl SegNet 14 F 4 1t AL WF &5 P2 HUBL A Mobile—SegNet,
KB T 99.52% (A REAAHKS BE RN 95.76% 1) F1 4344

g5 LR, AT AR 254 624 A SAR i d 7e 4%
WA shE o R E R . 2R 5
s gE G, KIEWCD TN T T HORE & T IRL
o R, PG A RARGL . DTS
R WP, 2w T4 H 0 s, ik,
Wang FlLi (2023) 565 T MODIS 524 $2 B4k 1]
BR A, TR A R S 0 02 38 VA A 48 o 2%
(ConvLSTM) , Rl Iy 4B . XI55
PHELR AN AR S A A A R ML B
LR o3 A, SVARAL RS BE K 95.92%, R AR EURE
H 3 25 1 5500 0 A7 B[] 3 S 4 T8 % (Wang
FILi, 2023). WAL, b af HCAE A (i) (6] i) 2% 45
A ) ), Gao %5 (2024) 43 B F) JH Ol 2 18 Jek
MODIS #l Sentinel-1 SAR $4 48 ok #F 7 I 25 3k T Al
f] AlgaeNet, GA-Net#71  LLSZBLERTE 4347 ()
BF PP M, R T R B AT, Ry S AR SR I ]
(i) o (18 2 30 4 A7 15F () PP 0488 T 0 R (Gao 55,
2024) . S5 (][] BE B[R] 0 A, i — 20 R e
SV S I VL A R 2 T R (R AN A TR 4
PEEE P,
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Fig. 5 Satellite remote sensing observations of green tide in the Yellow Sea using deep learning (Gao et al.,2024) ( I and II are
the deep learning models for green tide detection; Il—V plots show the MODIS image, the Sentinel-1 image and their corres

ponding extraction results on June 30, 2021, respectively)

6 VREEE:SIAES N B R A gy (IR (Remee B 2018; Lin%, 20220 Xu'f,
5 5 1 2024), SAET% (Mahdziwlffi %018): .au'm‘a%
Lt Yy ik g LA (Wambugu %, 2021), WOt A EEE (Mainali
TN IR I 22 2 TR LS ) o0 A . A A, 2023) BRAS EOCEE)T 12 0T TR I I 2
BINBERIAS A AR 68 (Xuds, 2024). £6iE KIS,
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fBgem) 32607, WEE o #), 7EAL B
R T D M 1R BRI, A LA S 3 R R A
R M o AILAR 7 > J7 1 PR LBk o 1 414k 2R %
PEEMBE S, C) iz W T R R R
(Pricope 2024, Gong/{‘f: , 2019; Liu%s, 2018;
Murray 45 2019; Maleki 28, 2020; LaRocque &
2020; Prasad &%, 2023; SunZf, 2021; Wang &
2023; Xing %, 2023; Mainali 55, 2023). k7,
X 7 VR I E R MEATD SR AR T N LRI TR R
BESEWBOE, REEFRHZHEAEE R, A
BRI TR 2 SCRAIE A S ORI 23 S PR RE

VT BEAE SR TR A ) 7 OBk B 22 v H]
TE I M W AT 55 b, JF MR 35 R (Stahl F1
Weimann, 2022; Fu%§, 2022; Xied¥, 2022; Liuff
Abd-Elrahman, 2018). fl4, LiusF (2022a) fi
T —FpiE T 24k SAR £l 5 AR BAHSE A 1Y
TEIEE I+ M R 2R T AR MB-UP~ACNet, ik
11 96.40% MM IHERE . IR T L AR
AOFREEIEIN, SCHEL T KR DR . R BE AR A
R FERE R R HE 2. Li%F (2023) 2 —Figr
ES S/ sh 7 B s 2 M 4% DGCN  (Dynamic Graph
Convolutional Network) , i1 GF-5 {55 YIS
MR B, BT TSR . Lin%F (2022b) M4
H T 3T ZiYuan1-02D =G5 T2 ER B HSI-TNT
FEAY ] FH W Transformer W 25 fill 45 J&3 30 A1 42 )5y
FEAE, SBT3 S8 TR — A NV VA B 1 5 K
BERIE, BRI ISHERR I 95.57% H193.69%

22 5 38 SRR IR B S WL DU RE 6% ) A [ 1% J%
s BB Z 1) B 034, B 4 T U0 D00 i e o A
(Mahdavi 55, 2018) . T~ REfE e B 2 P i I
B 0 R GARAE AR NS LA i) A 22 S
FNEAME L, DT SRS A b 5 G s W (Jamali
&5 2023; XuZ, 2024). HOSSGiHy/—::'I;:TF (2022) #EH
T — P I WetNet, T MBI AL Sentinel -1
SAR B J7 B4% Fl Sentinel -2 2261 BAR h #E L2 #F
R AiE LA SE BRSO ML B Hb 22 i o Gao 5§
(2022b) A4 — MR ERIEZ BN, W GF-5
12 VG I Sentinel-2 22 61 5 S I A AH CFIE
AHOCAFAE , DL P 9 95 181 5 P Ay 3 SO b e A B
PATIEIREH /228 . Han %5 (2022) SR T —Fis
EHHAE (148 BRI 22 ) 45 FIL-CNN, il 13 358 GF-5
= GIE A Sentinel -2 Z20GI% BRI A XL, B AMEFIE

DA o B A 7R U v 1 b ) W R B . SR, TR R
PSR R I 0 T B R R B, A
JIBA . Jamali 5 (2022) 2 H—Fh 3DUNet A= i %}
iM% (GAN) H1 Swin-Transformer £ & B P 2%
3DUNetGSFormer (1&16), 1 454 Az % B 9 45
(GAN) M1 Swin-Transformer HEZ2 , ZFf# T K8 2
21 KA R B s MR, e 2 18 1 i AR
FHUAR T 97.39% HUERGER

VTR 1 3 28 5 M D T e 00 9 A 22
B A A s e A BRI 28 A0 A DR AR . Ay fifp R 3K 2 i
A, AR E AR T 2R R R R A 2 U5
2, DM THR S SORE FEAIE N . 10, Guo 5
(2024) #2117 —Fp Z PR A S 52 B Rl A M 2%
(MSFE-IFN) , il i 4 Ot 3% 5 LiDAR £t AR
—FFEZS (], e or A 22 5, IR R R
G O BRI A 22, B SROGIE . R AR A P s
[EREPSYIIPRS e SUNNIE T RTS sy ) SN ITE
(2024) FFRTARICHEAAG BRGNS, $2 2455 5
BRI Z 0 KL T W EL %, JRE
WA 2 ) v 1 PR AR I Ak RN 22 RS AR 3R 43
PRI . Xin% (2024) $2 1L THRHE AR 2
S 1) U G R 28 (FDDAN) 58 2o HE Bk i3
B RE, PRIBCER & R AR R AR, DL T B
e MMERAYE. GuodF (2023) #F— 4RI T
— e B B SRR AR R S o 2R I 2% (UF2SN), A
FATE B 5 AAZ AR AS 1 X R AR o A1, A R
FERRE A AN HERR )R] 8, Huang 55 (2023) WIJ$2
S [l =G AR B 8 1 M 2% (SSWADA) ,
8 3 AR BT Bl X 537 5 5 H AR SRR o
AT 55, 4546 2D-3D BRI L2 5 K 2 454,
P TR

SRR UL, TR R 2 o L T TR M M 0 e Y
MBS T B gk R, JoH I 1 2 I B Rl
S AEFET M . T SAR FE DG AR B IR A= )
Tk E R TR R B . A5G AR U
#% (GAN) HH Transformer 454 AR RS | A5k 2D b
T 5 oK 1 [a) i 5 o 75 R AR EREE Ty o AR,
BAE IR0 AT 22 5 . AR TR AS T R R 20 58 28 0 55 7]
FEATY IR 20 AR Rz A RE ) o Ry it — 2B $ T
RUGEWPE, DFEE R T 2 AR A L 2 B
o] R S A A T, AR R I ) AR
S PEFRE TERE
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Fig. 6 Schematic of the 3DUNetGSFormer model architecture , reproduced from Jamali et al. (2022) under the CC BY 4.0 license
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BiEZ2H TR EWNEmW, Wx)28E. WY
AALAE, X SE R R T e B BUBE e AN AR e,
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B, B AR BT RN BN B R I A 1
FETr, JUHRTEM X M ST b, A
B RPN T A e . R, IR A ) A
AR W BRI S AT I S, T ¥ 2 A o J
U, i TR AR O R T LA SRR I R
W A2 hE, KB A 225K, X188
SR AR AR i ELMEE R o A A 2800 FE AT BR G B i
s, Bl T AT A IE A ) S T R
DX FRICECE RO, 2 YT ATEORTE IR # A E
JERONE T e AT o g TR 8 (R, RS AT T e 1 U
DI AL A T (S N (Il N o = 2
(Explainabﬂity) ATh 2 24 A AR o5 % DR Y EE R B
HY T ATBERYURE I TR B 2 ) O iR AR e oy TR
FERLAL”, FLPC SR o e DL BB AR, A5 AR bR
I T A2 38— LA o PRI, Gner 45 4 T i R AL
HOR | W RiG | e MRS ] . s E AL
JrEAE, $RTE AUSRY 7 W RE A AT F v, DA R
fife TN 25 R A SR UE R A B M, R Y AT TR R DL
R —

7.2 KRFKEE

7.2 MARZS M 2 5 72 ME )

TR R R Y RO SR AR
R O (1 7 == 5 2 VA RT3 s B (3 = = e
R, WA E— R ESEN RS, %
WY KEE . EIRAER R AR K, Hi,

R RAFFE I DA 285 M 0 i) o AR M A, B A
Z0 I A R JERCHE , Al EI TR)Y A A3 A R, RS
i S AT AL, 140, 454 Sentinel-1 SAR,
Landsat JIHEE , SR ATREE 2% 2 RN ¥ 4387 5 12
M ) A AR AL VM A K B A S T
B (Linsg, 2022a). HeAb, @S B AR
R4 G2 Em =7, WA FVCOM (Finite
Volume Community Ocean Model) SRV B R
AL, BUR R KSCRTTR Y iz /R, JF 58
JRBE JEAT B R AL, i i % 52 A% Bl g 2o 7 Y i
HreESs (Munawar %, 2022).

722 MiBREEBRSSEHEME

Vg Y 2 i T 28 L PR OB DX, AR 3 Ty
PAEAT R B T A — B R, M L 4 T 20 T
BRGNS . AR50 0 Bl ¥ — (A Ak i
TSI, BREs ARl AT VD A L 2 R
Bods . 4w W iy RS RS (Scarrott 45
2019; Ahmed %, 2018). 40, FfHoiE/E (W
MODIS, Landsat) nf FH-FWEiimgst s s . H3ER
Pht, WEVEIERG (40 Sentinel-3, HY-2) ] HF Wil
MWFEE . BIEYWRE, WES A A BT
SR AR, A, ZUREdE G T vk
(IR e o DU B Rl G ) A 4 e A [m] i Je%
BOUE B BN, PR O R RS B (Gu &%,
2024),

723 EBRSAINERERIEERNHE

S ATERTE I 5 1 ST 7 vh A4 T
YEH, BB RERE R BT A R, N, 1%
B2 3 = 2P Wy A R a2, T
AUVBHRITE/NFEAAT L N IZALRE I A o ARR IS
MARF R, AL 5P R RS, R
o (0 P SE VR BT AL A R A REPE . BN, Z5SPLER
e ) F W) PR 2 TR R A (Physics—informed Machine
Learning) , P & BRI 9K 8 (1) ALY 5 JE F 4y
AL AR (WTROMS. Delft3D) 254, LIR
X T 8 )1 AR U EE 1 (Singh A Gaurav,
2024; Habib Ml Zarillo, 2024).

724 EEERTHIANLFEZR M
BRI T B0 BT R KRR

i ke, SR RS R G A TRIE . KR

I 5 W 538 X6 4 BR AR AL T 55T T8 2 7 I 5 0 oz 1L
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Hl A BESE . fian, R IR 80 18 R s, oy
B g AR X T A ol . YR B AL B 52 o [R) I,
NKTES) (AnFE s R L) MR AESR
ey T4 H 45 é%i{% @@I}Eﬂlﬁﬁﬂﬂf?
Gt s, BT IR PR OCHE AL, £
B VAL R T K ’ﬁﬁTF'E’HZ@IM (Barnard 45 ,
2021; Zhang 1 Zhang, 2022),

BEAE BRI, ATTE I J 41 T J2 b 1 oz ]
Wk — 2y K Bt EMLGI RN
4%%%}|“Alﬁi‘fﬂ“/@$ B IRHE RO, SIS

o R R AE RS 5% S B8 A I AR P e
S'iho [, 20 B HE Rl & PR B JE 20 R

TBREAR . TN F A RS B, Rk
T4 T YV Rl PR AN, A BT O G B A
RGN FFBOR S E . KK, BT AINA
S R GOk RERS A EIRATEUE RAE . AT A
PN S e RV E SR o I DNPIE S SAN 7 3
WFFE I N 51 B 22 0K 38 0 W0 9 1) T8 2 O B 2R 28
/%éb, UNELAAR . TEBES R A MR T A

X SR 2 AR GETE M R AP A A S 7 T B A
BAEH], H R I T AN AR k.
W, ZEAAREZ I SR, 4B S8 18 AR )
[t DXl s KSR, ARk AT %%Fw‘ﬁla 7 I
5 SARHE, e RS EE . AL, Iy e

7 L EOK AL %iﬂlﬁiﬁ‘ﬁd} /E‘—Eﬂﬁ, AJ
siablas I MOGE Ik, PEEERIUIRE S

ﬁL%ﬁ,M&*Eﬁmewfm¢%ﬂ
Iz B S AN A . 38 ek R X S R R

HRET, FFE5G ARKFHEN KR T ], ALIETE FA7

T R TP A I RS Wi SRS BT R o A I X
BN S IEE AL | Wi AR AN R G PR LA K By R
PAFTTIAT,  ATEA [ S D 7F 58 52 e 4 {1 1
R DR DT 58 o B A AR AL AN T PR LR A
WK BB, ATHORAE X — S0 K g i A2
FEZS I PTHRFEL A SR R ORAF 7 A TR A RS
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Abstract: Over the past four decades, remote sensing technology has made remarkable progress, leading to unprecedented resolution and

coverage in coastal zone observations, and ushering in the era of big data. However, when addressing practical challenges, a major issue lies

in the effective processing and accurate analysis of large-scale coastal remote sensing data. Artificial Intelligence (Al) has rapidly developed

in recent years, leading to the emergence of numerous Deep Learning (DL) models and their extensive application in big data analytics and
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real-world problem solving. The integration of Al with coastal remote sensing has driven progress in various application fields, introducing
considerable value and benefits to society.

This paper reviews major Al-driven advancements in coastal zone remote sensing, placing emphasis on model efficiency for coastal
flood monitoring, waterline extraction, raft aquaculture zone management, green tide monitoring, and coastal wetland monitoring. For
instance, Al algorithms can process Synthetic Aperture Radar (SAR) data in real time to assess flood extent. Thus, these models can
accurately detect inundated areas and track their progression, offering timely information to support emergency response efforts.

The article highlights waterline extraction as another crucial application of Al in coastal zone remote sensing. Aiming to achieve
accurate and automated waterline delineation, Al-based algorithms can efficiently analyze large volumes of remote sensing data. They are
especially effective in complex coastal environments, facilitating the detection of subtle changes in dynamic shorelines. Through the
integration of multi-source data, Al also enables real-time monitoring and forecasting of coastal erosion, supporting effective coastal
management and protection.

Al has also demonstrated remarkable potential in monitoring the distribution and temporal dynamics of raft aquaculture zones,
contributing to highly efficient resource management. Deep learning models can accurately outline aquaculture boundaries and monitor
water quality and facility conditions. Thus, Al enhances aquaculture oversight, optimizes resource allocation, and helps mitigate environmental
pressures by leveraging remote sensing data and real-time analytics.

Moreover, Al plays a crucial role in green tide monitoring. Through spectral analysis, deep learning algorithms enable the rapid
detection of algal bloom regions and mapping of their spatial spread with high precision, even under large-scale, data-intensive conditions.
These capabilities support timely environmental assessments and the development of early warning systems to reduce ecological risks.

In coastal wetland monitoring, Al enables rapid classification and change detection using multi-sensor and multi-temporal observations.
Deep learning models help effectively track wetland dynamics, evaluate ecosystem health, and identify degradation patterns, thereby
supporting biodiversity conservation and ecological restoration planning.

Finally, this review outlines future directions for Al in terms of coastal remote sensing. With continuous advancements in computational
capacity and algorithm design, Al applications are also expected to become highly accurate, scalable, and indispensable. They can offer
critical support for addressing climate change, coastal erosion, and sustainable coastal management challenges.

Key words: coastal zone remote sensing, artificial intelligence, image processing, flood monitoring, waterline delineation, raft aquaculture
zone monitoring, green tide detection, coastal wetland monitoring
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