1007-4619(2026)03-0647-15

th &38R TAR L SAR R KA S BB & KB T %

WK, 7H, IFEE

PEA M KECER) S EB B, 5 266580

W E: GILETEIESAR (Synthetic Aperture Radar) SEAH & A B M KW . 2 KA XM GE 11, 76
W VR RS Th R T AR L B A VIR X3 SRS I R A R R L AT A A ST P AR 1 [ R
ASCRI SIS 155 WV B SAR B, 7RG R IESE (AGf . H—Aedr22) JEa 1, S1A 3 R AL RR1E
SR (ARG . 2 ) SRR OCHE) PEAbse . [RIRS, T SCfFrm & A5 (SVR) 58 4 N 245 3k
(CNN), 5t a 7@ sl T (RGERTE 10.8—28.8 m/s) Y SAR IR RIH S & SO A A, 25 Wos,
FLT SVR BB A GH TR L A7 R RSP 353 R 815 ERAS L NDBC Kl H X 9 2977 iR 22 93 51 8 1.27 mis
23.46°. 0.22m, 0.62sM1.10 m/s, 2537°, 0.22m. 0.59 s; T CNN S Ay K . XU . A 2080 I8 s 1357 18
W15 ERAS . NDBC AU Lo (935 05 R 222 43 51 1.15 m/s . 23.53°, 0.18 m, 0.53 s F11.08 m/s, 25.85", 0.19 m,
0.54 s, TEITE O A SO B WP TR XU 2 8080 & SO AL i) LA UG T IR KNS 28 S1E5 g
JPEMIE, 7352 T SVR A CNN IR X7 2 $OR & RO RS 380 A8 s« P2k RT3 A XU 5 ERAS %K
PEAEE, B MR /N T 0.67 m, 0.62s, 0.3 m/sF10.71 m, 0.71s, 0.42 m/s, JEBPIRIPCA KA AI )
FVLE TR . AN, S BIEA SCHENT A 2 FPIREG SRR R O T R BOACR , W 2020 4F A THE R
P T3 14 0 MR KRS A Y O 0 BT o 28 SRR W e Y D0 S SO ST ) 1 R K 5 S TS 81 ] A RE 8 4K
1FBRMET IR KIS E 28 1, ASSCITEE ST AV TR R 6 RO AT Oy s ¥ 0 TR NI S0 i K
SR ME T AR MRy 58, WS SEAR AL T IR B AT ST SR AL T S
KEWR: GAFALRTEL, A REE, CNN, SVR, MHRKIAGSE, TEiil, MRS
hESZES: TP228.2/P2
5| AE: RIR, 75, IMEIE.2026. 7580 TR SARERRIGSHEE REH E . B EFER,30(3): 647-661
Zhu Y, Wan Y and Sun W F. 2026. Joint inversion method for sea wave and wind field parameters using polarimetric
SAR under moderate to high sea conditions. National Remote Sensing Bulletin, 30(3) : 647-661[DOI: 10.11834/jrs.
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PLEEAG AT, T PO R AR L, SR 3K 2R P

i T XU R TR R E R TR S g e, K
FP I T XU 37 S Vi 1 3 TR AR R Xz Bl Y Bl
U, TR v A 1T X 37 45 TR 25 e 14 ¥ 1 3l
Mg, ZHXREYH ZF WS W+
B, Wtis . W IRIT R B A HE R (W
4, 2020),

FEAR WL BN S H R 3R B IR K37 15 2
PRI TT A Z —, (B AL BE SR At )R 0 4 B i
AU, I H AR AR B R , JOIE WL R v [
S BE PR A GRS 7 st W B K iR g it

I iE HH: 2025-06-08; FENZR: 2025-11-22
HEWB: FXRHARRERS (55 :61931025)

AT B AT A BRI R, ORI 32 B[R
TR RUK RS R R B2 o T 1 IR RE A8 A 2
el BIRRIBR, SR AR HER IR K E R (A
KB, 2005), Hrh, GMfLIEFILSAR (Synthetic
Aperture Radar) E A #0235 W43 9%, REiE 4
BOGER . SR ARG E R, BIHRRA
WA T RAOCIRSE R, TRl X7 AR 4L
S N TP R B (Moreira 55, 20135 5 A%,
545, 2024).
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B A SO T T XA S EON T T, R RS A
PR AL GMF  (Geophysical Model Functions) #) {2
BT, 7 AE — 2 SAR AR Y 48 T EE Y
Beaih B gl Kb, CMOD R4 B
PREL 2 CMOD4 (Stoffelen 1 Anderson, 1997) .
CMOD-IFR2 (Quilfen%%, 1998). CMODS (Hershach
4%, 2007) . CMODS.N (Hersbach, 2010) CMOD7
(Stoffelen 4, 2017) A1 CMOD7D (Ni 4§, 2022)
S, R SAR VT XUE S, H TR LAY T v
A /NEARRE WT (Wavelet Transform ) | R {8 B
M54 FFT (Fast Fourier Transformation) F1 &3R4
FFEELG (Local Gradient) (3 RME 25, 2012) 4%,

FEHFIR 280 S )7 T, SAR VIR 285 R TV
AR RIS s R A T LR S i ik, H
A F 2 A MPI (the Max—Planck Institute Algorithm)
(Hasselmann #1 Hasselmann, 1991) . SPRA (the
Semi—Parametric Retrieval Algorithm) (Hasselmann #iI
Hasselmann, 1991), PFSM (the Parameterized First—
Guess Spectrum Method) (Mastenbroek Fl de Valk,
20005 il B %2, 1999) Ml PARSA (the Partition
Rescale and Shift Algorithm) (Schulz—Stellenfleth %,
2005) S E L, BAK ERITERE SAR 1R
T RS HEIR GG, EH R EORS BE X E R B AT
KA HL SAR KR 551 TR 5 (B e 8 OC R A 44
DI BIF 58 2 3 Bl 2 4t T 5 — 28 56 T 4UdE 9K 3
R HHIR Z RN s . HRTEN A C I B SAR %
A CWAVEs 5 1%, 4§ CWAVE_ERS (Schulz—
Stellenfleth %, 2007) . CWAVE_ENV (Li%, 2011)
A CWAVE_S1A (Stopa fil Mouche, 2017) %, X
W Bt SAR £ 24 XWAVE  (Bruck fil Lehner, 2013,
2015; Pleskachevsky 55, 2016) &k, SRR iR
TR VR 25 B8 i B V2 T M8 K 42 RO R TE 2 B 4
ARG R, BEBTEENE, BIIFRREK
W35 Z B A I, RBESIIN 51IR S
Bad Ry — AR s i, X A A S PR EAETEE
HUIYIR AR

JEAE BT SAR T T 3% 2 B S 1 R TR 2
B e s T —Edt R, Bl TiEmg S
MR Z AR E VIR G KR . XN 5IREH
HAERYOE T WA SR E, R &
B — RO SO D VR AR O A T L TR b A A

XA R . v S EORS B A AR, ik
T SAR Hdls 108 TR A 2 0B B PO I — A E
B T . BFBE A (2021) BEE T —FR R
HOH B 2l FE AT SAR IR K37 2 80K G S 88 7
B, 7R RE RS [F] I S X BT IR 28, Wan
4 (2022) R T — iR T SAR A AR Y
IR NG SH— b vk, SCl TR
SR G SO o (H B3 R 7 R AT IR
(KU <15 m/s) BRI AL 28 B H A BRAE A B T A%
R, PR Somigtl (KG#E>15 m/s) IR X
SRR G ORI . Ry T g ), A SCH]
JH] Sentinel—1 SAR %4 1 R Pl v 399 R A< B4 o0
ECMWF (European Center for Medium-range Weather
Forecasts) MERFBIAFTEAE (ERAS), 205k
T4 FLUpl 22 N 2% 5.9 CNN - (Convolutional Neural
Networks) -5 37 Ffm) i [F1HE 7 SVR (Support Vector
Regression) HE7 13 H T i & i 00 T IR A1
SRR AR R R B 25 R 5 ERAS 48
W o FEBR RO L BAR S RO T AT A,
HE T T @R Y SRS B, ST I O T i
TR A7 2 08 5 B v RGBS, O i 82 A0 g T8 B0
TEETEREET SR T EHE S

2 BEsE
2.1 Sentinel-1 SAR %{iE

WIS 145 (Sentinel-1) H 4 5 112 4 ili——
Sentinel-1A . Sentinel-1B. Sentinel-1C. Sentinel—
1D, Sentinel-1A BRI ALK J5 T 20144F 4 J] 3 H
K, EUTEBI 12 d, 201644 H 26 H Sentinel-
1B AR SHG, T P A 0 b, TR
FRM4EM N6 d, 20214E 12 23 H, T H
RS RHE, Sentinel-1BfF4%% 1. Sentinel-1C T
20244 12 A 5 H &% 5F, Sentinel-1D i+ T 2025 4F
KW AR SR Sentinel-1 WV A XK 5, WV
S JE SAR T2 FH 165 1o UL ) SR A g i =X, mp
DIV #LE 2L 237 (WV1) F136° (WV2) 1 ASF
SERARBLSAR MG, 43 HE3 5 mx5 m,

ASOWCEE T ENFETE | B R RINAR PV IX
2019 4-—20214F 14 5t (=L T Sentinel-1 SAR WV
i VV AR AL B BU SLC (Single Look Complex) [&]
1%, SARBHRIEAE B WNE 1 R,



PR 55« RO T B Ak SAR MR K 2800 & S s

649

#1 Sentinel-A SARZBIEHEE
Table 1 Sentinel-A SAR data details

SAR B4 et Tr sk PLBETHREIT
SIA_WV_SLC__1SSV_20190625T141814_20190625T144749_027837_032485_A9C2 A% 428
STA_WV_SLC__1SSV_20190630T142552_20190630T145556_027910_0326AC_D3B0 Vv )8
STA_WV_SLC__15SV_20190805T051353_20190805T054526_028429_03366C_DEED Vv [0
STA_WV_SLC__155V_20190812T084108_20190812T084915_028534_0339F3_9572 Vv [0
SIA_WV_SLC__1SSV_20190917T141819_20190917T144754_029062_034C50_0FA9 \A% G201
SIA_WV_SLC__1SSV_20200406T071531_20200406T073056_032003_03B25E_3801 Vv £
SIA_WV_SLC__1SSV_20200429T235222_20200430T001211_032349_03BE87_176C Vv Kt
SIA_WV_SLC__1SSV_20200615T000612_20200615T002857_033020_03D321_3392 VvV 428
STA_WV_SLC__1SSV_20200630T021124_20200630T021704_033240_03D9E4_1DEO Vv 428
SIA_WV_SLC__1SSV_20210227T232149_20210227T233911_036782_045308_C677 A% 428
SIA_WV_SLC__15SV_20210306T130327_20210306T132514_025894_0316A9_7035 A% 4]0
STA_WV_SLC__1SSV_20210718T020234_20210718T023604_038825_0494D3_70FC \A% [0
STA_WV_SLC__1SSV_20210929T092649_20210929T093554_028911_03734A_9CE5 Vv G251
SIA_WV_SLC__1SSV_20211003T094315_20211003T095052_039953_04BA75_A838 Vv &8

2.2 ECMWF ERAS##E

I R ST G AR E T A 1979 4R AR Y
BRI PR IR A, W R T 2 RS ] o B
A EF R T ECMWF ERA-5 3082 19 10 m
SR KU L TR RUTR BT R A R0 i A3
PR AE , B 2 B L h, A HERCh
0.125°. T 3REUS SAR U b (19 BEANE e A DL i
I ERAS %045, 75 2205 4 PR IS 19 SAR £ ds 5
ERAS B4 AT 2s DU e, RPAE — 2 Asf [a] ) - 3F
TR PEIR M, 78 428 (A ) it b R4 T R M4
fH. 2t )23 UL IS A= i 3580 1~ SAR-ERAS JT
P 500 %o = B X A 56 1A TR 37 S B A
TR R .

2.3 NDBCZFrEE

T 7 b S T 5 25 1l s 0 R 41 T 2 K 1Y
FEFR, HARZEREEFRR RO A
BT 5e, HIEAREUE T T 738 2 A 2 fe i
BRI RCE o R IAR S 4 56 [ [ K BORHF AR 0
A B4 e TR R TR AR R, P LR A S
PR SR A IR SR R G - XU S X S
B, B UL SRy BE, T S e i S T
BRI 2 2w 1

ASSCHIFSE RS2t T 10 m AR A KGR, Sy T SR 1

R 2 R IER 5 S T 245 SR ARG B2, 5 X NDBC T4 42
P R A TR e, Fe 0 UNT (Shao 45,2014) «
U.=U. In(z/z))/In(z,/z,) (D)

S, U, FoR I 5 HE 2 AL U, 2R W
1o A z, AR XU 5 2, RN LR T B2

HY A SCAE 9 SAR £ 48 F1 NDBC ¥ A U
O DL R 5, TR T DL TR R B AN 2 LUE
NEHRERIARS . HIL, TEXRET, ASCE
N7 BRI A S T AR TR )RS JRE AR AR R R R T
ERAS $di i S LA IR KNI 280 8 1 i DR S i
SUORAKEE, X ERAS B0l 5 1 bp 520 Bclls 2047 1
— PRI UE . E XS o ERAS 8 5 P AR L
MEIR KA SHL, [ HEIESE T ERAS S 4 1 $d 16
XU R R PE . b T RALTEAL ERAS Bdls 5
TEARECE BT LS 50 — Bk, A4 T ERAS
Bl 5IFAR S EO R RO R, sl 1 Bs, JFR
H I #1222 RMSE  (Root Mean Square Error) 1
i 2% (Bias) XPINGETTHEARRMT R . &1
I, ERAS B4 S5 b a7 Xad . Xm) . P8y
VA A RO 4D ZECH X RMSE 7351 o
141 m/s, 17.32°, 0.85s, 0.36 m, IEW] T ERAS %L
385 17 b B S A i TR X S 8 2 TR A B
MIWIERE . NI, AT LAAC ERAS Bt B2 s B4R
R ER AR B R L
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Fig. 1  Schematic diagram of the comparison of wave and wind field parameters between ERAS data and buoy data

3 FHIES RO SRR

3.1 HIESHBERGIE

T fE AL (Beaufort Scale) J& [E FR)™ 32 K )
WA bR e, O E U K IR P B - AR T
1805 4F I 7€ o 1% 55 G A F 2 AR XX 3 b 44
MR CEAERIARFIEINY)) . MRS DL i
TR A5 B AR G 00 52 i 7 e 3l 3 IR g i B 2%
TIE o T8 H TR PR O R, B e A KU S Y — e
T, WOLRR AR SRR

TESZBR I, AR KU SRR T 13409
S LA R AN [8] XU DR 5 RN, A SO 1) 2
HAR TGRS, WnR2Fm.

R2 HEERNERE

Table 2 Beaufort wind scale

NG AR IRE/m R 10 m 2 AR XGE (m/s )

0 TR 0—0.2

1 X 0.1 03—1.5
2 B 0.2 1.6—3.3
3 WA 0.6 3.4—5.4
4 HIA 1.0 55—7.9
5 MR 2.0 8.0—10.7
6 Ci 3.0 10.8—13.8

HRAE 2020 4F [5] 52 1 VR 55 Zbm o v g | FH i) i A
WG SR e R, SRR 2 RNE, A
P R S TR = X o PR DX ] XU 0—10.8 m/s,
TR 0—3 m M ORI ; XU R 10.8—
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28.8 m/s, TR A3 m LA_b AR U R b v
H T ERA-5 F- 43 B 55 b (9 XU 7F 30 m/s LT H
Al EEME (Wan5, 2024), KA SO H 85 % XL
I A 10.8—28.8 m/s BB HEA T IIE AN /04T

T TR 7 45 25 X AE B0 2 i A A
0L, A SCHIAE T — R v s 1 0 B0 B2 U 43 A
K, A 2 fis .
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I
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&
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Fig. 2 Distribution of high sea state dataset with wind speed

A SC i S R A SO A A 1 T 3582 4 ML K
P,k BE R R LT i I OO A AN [ X X ]
(X <10.8 m/s FXE>28.8 m/s DA I B8 A S0
FTHFGY) . o XU >10.8 m/s BRI 2 3 3421 4,
JRH>13.8 m/s (L FEIL 2414 41, Ki#>16.8 m/s
FIBCHE AR 3L 1478 4, KU >19.8 m/s 1 0I5 4 3L
94541, Wik >22.8 m/s B AEHL 5324, K>
25.8 m/s BELIEAE L 31041, KU >28.8 m/s 1) B
HIL23 4 . I ARG RTAL, AR SCAT AR B R
PEAEVATE T 7 2 10 b = i 5 K B, 36 F A
NG UF A P T LT R RO VR A S A
HERPESR AL T 38 ) 0 SRt B S8

32 ERKGSHERKE RREE R FHEEE

N T ARBGR IR RIS SR, Rk 28
030 PR AR D S B o AR SCIE $E SAR BT IA A A
(0). JA—1I7 2 (evar) . Ja w2 % (o),
RIRE (Intesity) AT (A,) 1EN SR
WIGSEFHESEL, LA ERAS Bli 2 AL A 80k
[N i el A (O R AR E L (BSR4 88

TER LT, R RS SAR RIS HL
REAS $1 it — 5 B T 5 L, (F G B — A A 1Y
Jr B XE L 2 B A2 2R R TR S . G, A

R IE S 5 | A RE A RUEARAL G AR 2 800
K MIAHIENE, I IRAME D &AL A2 58 SAR 4¢
TMESENA L o WARRRIE 5 rh s 1 00 22 8] 79 06 5
T2 LA I A STV T OO 235 A R YR T 2 7 R
PR, IR X Y 72 Ak 2 52 i i T A TEOUL 45 A
BRI AS TR 3 A DA S TR e e 45, i
SN SAR PG % v B e S ek o L 51 AR
AERFIES B, n] DA S SR 4l P2 76 T TR0 45 44 1Y)
A, AT BE AT S50 B W TRV AU (5 B o BT,
ASCHE e BA SARFHES R JLmt b, 2585
PR GETT 3 A AR R TRl 7 4 I T 3 NI Ak Ak
FRESH: AR (H) . & 5de (4) FR e
(£)o WALFIES BN G ABRIETE T d Ol T A L
Tl B B A () BB R, S ) S IR v T 1 B 2
A, DT s AR R R A HER M . 2R BT,
ASCHEHCSAR IS AA  JR T HUR R 8 5 —1k
Ji 2. EMRERIE . BT IR R R AL R IE 2 4L
(BARI | 2% ] SR FIAR DGR ) AR TR K3 28K
G SO AR 1A AN S8

(1) H—fbJ 2. S8 cvar, FIH SAR BRI
SRR EE )15 E] (Stopa Fil Mouche, 2017)
AL

=<1
cvar = Var( 0 ) (2)
b, PHEURSREE, i TIFF SO 4 40 SAR £
RSB r(x, y) RIS i(x, y) i@ LR ARG
(CEIp
Intesity(x,y) = r(x,y)” + i(xy)’ 3)
PRUERT ST SIS RANZAEAA . UK, Wi ih &5
SO, ARSCESE T RIS WYL, WV2IH—{Tr
2 BITE 1.0—1.4F1 1.0—2.0, HiEEFE=60° 5 .
(2) MWK . SR SBMERSHZ
[BIAFAE 8 35 R (Kerbaol 4, 1996), ATy EZA]
FHALL G SAR RIS A4 FAH 5C bR B0 5 125 A 3 A T )
KEUE  (Pleskachevsky %5, 2019),
H1 T SAR (K115 B 52 B s 45, TR AR 5
if o A BREL AR SAR R 43 1 1 24 0h 7
AT EMER, JEHR A T LR Z TR HAH G R AL
X H AT (0 B AR A B, B T R ] Y 58
R R T m, Fm, RS S P2 E LATE
P =m,(m,) “4)
A, m(=1, 2)&m(j=1, 2) 8 “4Eff
A, (my) S m, B2 A
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TS SAR PEIZRAE Ui Y SR AT L2
15, ATLURBOZIE G ARG R gk L,
M, W7 AL R H T R AR C () X2 A AR DG R it
U, AT LA R0 Al B8 O A7 1) 48T K
(Pleskachevsky 5, 2019), miipR%iil=CanT .

C(kx; Kc) = exp{—w(lké) } ®)
A, ke RTINS, Ke ARRAR M 45 .
J5 7 1wi) 8 B I8 5 AT B B OC R A =L (6)
F7R

2T
= Ko (6)

(3) MeAbIr o A% Gt By A Ak J 48 BT vk B T
Cloude—Pottier 73 fift , 38 8 X AH T 46 B4 T 47 FRAE
Gy, DTS B AR A AN 45 1) S S fk
W H (0<H<1) &N

H= —ZPL. log, P, (7)

Ac

it':':" Pi:)\ili/\i’ ﬁﬁ)\i(i=1, 2, -, n)j:]*ﬁ

THEE THYSS i DN RIEE . ZSEERR e RO
AR AL AR (HFRLL, 2023).
TEB— VV IR ACBHE IR B R, A SCR AR
5§ (Local Entropy) 1ENE&EMIEIR, HHE LRI
BRI R O I RJRIIX IR R (5x518 R
A Sl ) AR A AT S R R . SRR
T SLH
H,.=- i P,log, P, (®)

Kb, PR IX R R AR 1

(4) #m5ete. &mrta (0<A<l) #iAR[Y
SERERHLR Z [ L], Hoe SOy
A - A,
M4+M ©)
AL, A (=1, 2, -, n) HHETHEBETHS A
FRAEAE, 4 A RBUE BT 0.5 1, R EHUS L8
U R R FEVE R, SR 45 ) S A RESR AR A1
MIfEE .

I 3 AT VV AR A ECHE R O v AR S ) Ay
ik, RIS H N 015 (Azimuth) FEE B 1]
(Range) PrifE2s, FEMHE 7 M PEFEAR .

| O i = O range |

A=

A

approx

(10)

g azi +o range

Krh, o, WIEEPRMEZ, #id X SAR BRI 7
DR R 0 (SXSIRZEMIshE 1) NRE
SREPRIE 221G 3], SRy AL m HUN 5B o
SR EG AR ME S, 38 6T SAR EME U FE S ) T AE
S e - (SxSRRMNT St 1) R R R
FZASF], T MR ) O R
(5) AHICHE . AHOCPE BT 4 A 1 A8 3 ] Y
Gt KRR, Al SAR Al i Ak By 25 AR BT
B VVIAREAE T —ANEaE, n] iR
G H ARG AR
Cov|VV(¢,),(2,
“7 aw((t])(gv)v((tf; (b
Kb, VV(e,), VV(e,) NIEIAIR VV G ; Cov =
E((VV (1)) = ) (VV (1) = pa ) ) T FH K 465k 95 0 A

BRI R; o= JE((VV - wn)?) MEHEE
FRIE
32.1 HUSHHNEEELW

R T N HER R HEIR XA S BRSO A
RO AR S IR IS o R TP | B
FEVPAG FRAE S HO T m . XU A R R DA &
VX7 I 4 AR I S B S AR B I, AR
FIH XGBoost k44T T B MRHIES AL S R X
SR E BT, ARG F— D RIE S5 5
R S EO E B 7 BN, T BOZFRE S 4L
() BB . SRS RO T 4R
SR IR K S 80U S B SR STk A, B
(753 R4 A&l 3 s .

HE 3 (a) Al UL A, H—fbr2E. A
1658 B R AR 23 06E KUTa) L SE SR R L ARk
W ARG B 52 e R, T IE B T 3 F XGBoost
LR RHE SO IR XA S BGY B a1
HE 3 (b) AT LS e F B A R YRR AE 2400 13 —
o722 . BIMRSRIE . AR SE, LBk
W] SAR $2 {4 i FEAE Z B0 SR AR FRAE 2 806 T TR X
Y BB RS B 4 A R
322 FHAESHERIMEXMES

FE R FHECHE AR I R IR S B0 T @A 2 T,
TIE B0 i 18 T A 2 5 i) I Y 245 SR o 8 1 1) O
LR, FERFIES BN TR R, A EEREER
SRR Z [B) 2 A AE 2 EAROCE . AHSCHE AT fE
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ZREE G, A RRIE S5 AT A R
G TERRIEIE R S iy vE e o R, SR
SRR Z [ (9 22 AR DGR R B OCH 2 . A &
LR AR G 22 500K 95 1) 77 ¥ K B 1k REAEAH DG P Y
KA. Pearson HHE REUH T HALMABEYLE 7 Z
) AR PEAR OGO BE o X T PIASBEAL s X Ay, 3t
BT
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(a) Importance scores for individual features

S - X, - 7)
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Table 3 Comparison of model output results with wave

wind field parameters provided by the buoy
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Table 4 Comparison results of the output parameters of the

joint inversion model with the existing inversion methods
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Table 5 Comparison results of the output parameters of the

joint inversion model with the existing inversion methods
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Table 6 Comparison results of joint model inversion with

parameters provided by ERAS
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Joint inversion method for sea wave and wind field parameters using
polarimetric SAR under moderate to high sea conditions

ZHU Yuan, WAN Yong,SUN Weifeng

College of Oceanography and Space Informatics, China University of Petroleum (East China), Qingdao 266580, China

Abstract: Synthetic Aperture Radar (SAR), as an active microwave sensor, has high resolution and the ability to observe the sea in all-
weather and all-time conditions, playing an important role in monitoring ocean wave and wind fields. However, existing wave and wind
field parameter inversion methods still face low inversion accuracy in moderate to high sea conditions. In this work, we established two joint
inversion models of wave and wind field parameters suitable for moderate to high sea conditions and verified their inversion performance,
providing an important reference for subsequent marine environmental studies under extreme sea conditions.

Addressing the problem of low inversion accuracy of existing wave wind field parameter inversion methods under medium to high sea
conditions, this paper utilizes Sentinel-1 WV mode SAR data and introduces three approximate polarization feature parameters (polarization
entropy, anisotropy, and correlation) as additions on the basis of traditional characteristic parameters (incident angle, normalized variance).
Two joint inversion models for SAR wave wind field parameters that are suitable for medium to high sea conditions (wind speed of 10.8 -
28.8 m/s) were constructed on the basis of Support Vector Regression (SVR) and Convolutional Neural Network (CNN) algorithms.

Results show that the root mean square errors (RMSE) of wind speed, wind direction, significant wave height, and average wave period
inverted on the basis of SVR, compared with ERAS5 and NDBC data, are 1.27 m/s, 23.46°, 0.22 m, and 0.62 s, and 1.10 m/s, 25.37°, 0.22 m,
and 0.59 s. The RMSE for wind speed, wind direction, significant wave height, and average wave period inverted based on CNN compared
with ERAS and NDBC data are 1.15 m/s, 23.53°, 0.18 m, and 0.53 s, and 1.08 m/s, 25.85°, 0.19 m, and 0.54 s, demonstrating that both joint
inversion models established in this paper can effectively invert wave wind field parameters under medium to high sea conditions.
Compared with traditional theoretical methods, the joint inversion models based on SVR and CNN significantly reduced the RMSE of
significant wave height, average wave period, and wind speed compared with ERAS data by 0.67 m, 0.62 s, and 0.3 m/s, and 0.71 m, 0.71 s,
and 0.42 m/s, respectively, proving that both joint inversion models significantly enhance inversion accuracy. Two scenes of hurricane data
from the North Atlantic in 2020 were collected for case analysis to verify the inversion effect of the two joint inversion models under high
sea conditions. Results indicate that both joint inversion models can also achieve relatively accurate wave wind field parameters under high
sea conditions.

In conclusion, the joint inversion models developed in this paper provide an effective solution for high-precision inversion of wave
wind field parameters under medium to high sea conditions and offer important references for subsequent marine environment studies under
extreme sea conditions.

Key words: synthetic aperture radar, joint inversion method, CNN, SVR, wave wind field parameters, moderate to high sea conditions,
polarization characteristic parameters
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