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Fig.1 Physiological characteristics and remote sensing image characteristics of rice growth period
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(taking single cropping rice as an example )
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323 BFIERBRAFE

KRR 2 e 3o T o B 1 3 5 M 5 F 8 S 1
g % I 30 SR 1 A o R ) S
S EE AR . KRR R A, S E
1 35 R KRR AR K R AR, BRI
1o 3X HLLL NDVI A (] 4 34 R 2 R 1] 0l 27 18 SR
fiE o TERABRMIFLR ], A5 H LK &+,
FE R B 28 SR AR S AR 58 NDVIEIE%/J MEE O,
2 —JE PR T, NDVJéL% HAE ., R F
R 24— 3 Ji] i IR 3 2 K REAR
RER YT R, NV
S5OV e 25 98 A K
BRI NDVI 30 35 Bl e KAA, SR KRB NDVI
23— R X W AR B By, 25 HERE
KRR A B A KR e A FH 3R . NDVI—
U - T3k 2 By 400 0 (R B O . RN FLAVG
NDVIZH e MRS, i 2 25 a8 7 -4
=, %%‘Eﬁ%]WWMﬂLETW TEWCER
WS FREE R . B T NDVI, HEM SR RE

AEEVL, LSWIAE, EVIER E I NDVIZERY
(IR S G HLEE . T LSWITE S 4 05k 8. |

FHE M NDVI S EVI ) LGRS KORFBRff 1] (Mg
I e
ST BT I Ve ST

. e
EATE e#@&%%cﬁ& I R
FRAE (N , 2016; Xu%§, 2023), 454k
1 VY ATV H A MK R A U 90725
B CETFMERTIE) . (7 VH B TR %0
U075 AR R AR TR KB, VV B
Tl BRI AT PRI, VH A2 L%
TR O R 5 A B I Y BT A AR
B BB ETEIE V(S 2 B R ey
B, VHHA(S B R0 R [T (W,
STEE . TEE KR (55 A [ BB
BT RS, I FLAER A KRR A it B, VV iR
fEaT B REULT— 0K T VI BRIE, o

33 KIGEREIE S Va“‘

3.3.1 HIBSiTEg ,ﬁ%

i%mﬁgmﬁﬂ@%?%mM ¢ (N A
WY BUBYISE) R EREAR B S R
Peo ROPPR BRI T UG A N G A s B
i PERREEE . XELUH T R RJEAKE P 5328 (Cao
G, 02020) o AT FR RS AR T K RS 09 52 A8 Ry
fiE, BRI 2 1A% GE AL A 2 > TR BE 5 2] T i
Tk R A
332 fREHERES]

AR B R AR TGO T A sh & KR E
SO PRI SE KRR 26 . H i H T 7K Fed
T ] P ) Al B 43 2 Oy A A A A 2H U
43Hf (ISODATA) (Pradha 43472 , K (%
2% (K-Means) (del W 2 é@ﬁﬁ\%%’é
41 (HCA)‘Q}%;SI% % %0
%m%*ﬁffﬁ'ﬁﬁ%ﬁ*%%LﬁAIﬂ
P E KA /ﬁu fAE, 2022), FEKFE
i P R A X

Wﬁﬁ%ﬁﬁ*ﬁ#ﬁ%%
FAWTIEREA KO A 20 o MR A8 4324 O o B a4
AT YRR, W 328 AT 43 SRR o AR
f%ifﬂz WiE Y (BEHUESE, 2013), SHEE %

b o3 B — 8 B YR AR D 40 K 4 T 75 1 2

AEAE D9 M 3 B 4%
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%s IZ%[R + Red) — (NIR + Blue)

(SWIR + Red) + (NIR + Blue)

Red Edge2 — Red Edgel

MTCr= Red Edge2 + Red

BfaimﬂJrj?@“fﬁ\)

B, HE B A8 SRR B R A TE 28 53 A5 1 TP AR (DT) . SZRFEEAL (SVM) | K
B, EAER/NEE K B RABIIR (MLC) PLARAR (RF) %MI%EP%H%A,( &5 (Vali
R 2 e i %% Pl B 2.4 4520205 AR S, %&__
I R g B 7 LI Kot «\0 %
«\ﬂ . £2 EBEIEHE m«mmmunr?
« Table 2 Application of remote sensing index and radar polarizati (lm@&b}r‘ce mapping
ERA T it @S\wkhﬂaﬂl’glﬂ“kﬁ S
Iq— DM b8 % _
AR Npvi = MR = Red PP KB (Koo, 2005
(NDVI) NIR + Red
B A DR L ~ 2.5 X (NIR - Red) TEVHES AT SRR SR HI LA S At ) o
(EVID) FY= NIR +6 X Red - 7.5 % Blue + 1 S T NDVI & i (Xiao ,2006)
WL BE B i AR Y F 2.5 % (NIR - Red) e KPR B/ £ B SR R, e
NIR ARG kS R B AR GV
M4 AR (GCVI GCVI = - Zhang % ,2018
R GevD Green L H A RS Ok 0 B (Zhung 5, 2018)
R =2 SARIIE i _ Red Edge2 - Red Edgel . e b e "
oD NDRE = e Red Fdee] W KRR B NE AR O (He %F,2021)
WEIE N e S ey ViR A1)
T ARG H Z _ Red - Blue
(i) PRI = o Fger s, ﬁ%aﬁlﬂ’]iﬂﬁbuiﬁrmﬂh&/\ﬁiﬂ éN@“ZI)

AR ARG, XA AT
SR BT B 2 KR A
1

PUNBR -, 38 I (Ni%,2021)

(He%,2021)

5% LLIOA EAR AL REP = 705 + 35 x 05 (Blue — Red Edge3 - Red Edgel) A R Z LI AT IR A2 (He % .2021)
(REP) - Red Edge2 + Red Edgel B LT 30 K B 1) B sl AR Uk o
THEAEBAEE. SWIRI - Red SWIR2 e (Torbick 4,
(SAVD) AV = e Rod + 1. (1+L)- L =05 XA 4 95 4 A b 3 - 3R 2 fURR 2017)
ROk Npwi = Green = NIR OB A KRR (Tu%.,2020)

(NDWI) Green + NIR
& IEAY NDWI(MND- _ Green — MIR a4 . Py . o (Arjasakusuma
W[) MNDWI = m ﬂé;ﬁtﬂ:iﬂ\ﬁ%ﬁkiﬁé£57k1$§ﬂ %’2020)
KSR (LS- NIR — SWIR
W[) LSWI = m W‘(ml i%(ﬁr‘ L_Fﬁﬁzﬁﬁﬁjﬁ%f}:@ (D()Hé, & 2016)
B - =} >
P L Ce CWY - ke = swi Kk £ ﬁﬁﬁ«éﬂ@% Boscheti 5,
(NDFI) “ ‘A Red + SWIR 2017)
H—fk 2= 57 $ : SWIR2 - Green [ % K
« ALk GRYE (Bouvet %,
/
A e AE HH/VV KR K@@ % 2009)
éﬁﬁﬁ”ﬁ IR BZRAS
/V hang 45,2018
WAk LLfE VH/VV e HK ) (7 ang%"r 18)
R B GEMLAS 27 > O i TF e K R il 1] 3= 254 AR B RIS HEAS, B ETRIBESY K 2 2 3
FEUUTF LA PR RS . (1) UIZRBEACR . FEK TIKFEHE NP EREA; (2) #1148
T il Pl v, — B o S b R A B 2 1) A R RO S5REBE RS . MRIRIT R KSR, RAZEH
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TG 4 KRR BT ’

Hetr e 2 b B IS8 E, i i Boruta (Degenhardt
& 2019) . JMIM (Bennasara, 2015) . MDA
(Georganos %5, 2017) . asel %5, 2019) %
ENGESE S 9‘6% ﬁﬁlﬂ%ﬂlﬂ;ﬁﬂﬁﬁ T8 R
TE AR WS (3) Rk
mﬁ S R AR 1525 A5 4 4 X BUR T DT

FAFBAF 3 AR (Wei 55, 2022), W] LLAE
bﬁﬁii{ﬂﬁ%jﬁiﬂmﬂﬁ% SE R K R 1 SR P27 1% 5
SVM e B Ak AT R A Il ZRAE A RIS 1 5 119 2 )
A3, TE X 3 AR R R X G B T B A A A RN
iﬁc?ﬁiﬁ’ﬂﬁfh B A, 2021), 7E/MVEEARL

FARE BT E RSO A B A RACR (Park
45, 2018); RFELATRUEMESE | ERNBE = A4 L,
AE PR B AL SO BN Z R O KR 4, L —
(PSR RE T 4 (Fiorillo 5%, 2020), FE/K A
P R S F e o 12 5 ANNGE FH AT A 43 A R AiE Y

AR, ﬁﬁﬂi?ﬁlf/\ I AR ) i 0 ey
SRR A 1Y RE T A b B k43 A
5% (Hong%@b’lx Fifﬂ 5k B 5
ik ?@I&%ﬂ ﬁ%#miﬁ*ﬁﬁﬁﬁ

%453 1% @%% ST 3 i

ég‘g\a@ A 1 [R) 5T DX 1 45 2R T ) R
S THIZ o

333 FEFRI

JE TR B 27 ) 1 JE o) BT H T A A 5T 3RS
T UREE S S LI 1ok WG B 2 B P R
fE2: > FMZRIKRETT %%\%FP?)%JE%EEE%EEE%
PR RRE, DL IR T A 2 0 6k AN 25 1] 43 i
LG LA I B L bmw%zn@%%%
B bR 3O B LA v 21 ity 1 7 SUER R A2 2 Z2 ) A
P15 H 0 4 Jr 2 )R AE R 2SR AE BRI J2 4
1 BB 5 1R 9 5 2 1 @ @B R (Wei %
2022). HAKIEIOTE M . 1ok K
%7ﬂ%§ 2R 4% (RNN) XF T B[] ¢
o Y FLAT B4 RORR 3 T R
P 1% B A 4 B (Campos—Taberner%, 2020;
Thorpﬂ]Drajat, 2021; Zhu%, 2021); wWE=SY
BRI Z ML (CNN) 3l i 2% 3 K AR AR 1) 80 B
F AR G5 25 (B R A, 1) FH A6 R 8 D 2 1 UK A 1Y
R SCEIE (Yang %5, 2022), ZE2EFBNEH
A LR BCE N2 B HRAE (Adrian 45, 2021); &%
A BTSRRI R R OEIEE S AR K RS Rl

F AR B BB A A AL, 3 5] (SS) (Wei
%, 201), ﬁﬁimm%ﬂﬁgﬁm%,
2022) K 5 HE 4 R NN) (Ma
& 2019) & %@‘ @ %& BT T
?Eaﬁ%Tﬂl @%\-f—r 2020), Hrrif
ﬁiﬂ‘%iﬂ %%Jé‘ﬁ'%? z2 ) B SfE
BB @@@Vﬁ?ﬁ%%ﬁ* S A5
DRITELFERE (Yang 55, 2022),
TR 2 S AR 25 75 B K R AN B, [
AR B AS il 2 T TR B 2 ) A KRS i I A 5
(Zhou %5, 2019). MhricFEARE = A PR, FRA
VNS BOME LIRS e UM (Zhao 55, 2020), i
7% 5 1 BB A 2k P LA B R ARG A AR g b 25 72
AR ST o Anfar 255 A FIR A9 AR 25 AR AR Rt i G
bR FEAR VAT BRI R TR 2 ) oy KRR R
AR ) R (B AE, 2021) o FEAEASH gt 15
i mmﬂmﬁ ﬁﬁﬁﬁ(%&£/m9
Yang %, 2022) . "F*Xé ang%"‘f: 2020)
FER ¥ (Zhaod Wei s, 2022) FIfH
PRz AN, VR S SRR I I 2 5
L2 WBREIR. SEXEREBEES (EM
AR, 2022), L4 TR B 5 AR Ak B0 R e o A
Prik o

4 KRR IR 1A HE

LU R PELF 5 — SR 4 DB S S
PR S b ik . B T O 0 2 5 FA T
R BB 2 VR SRR A BL A2 3y 9
R KRR P 1 B8 A Bl WA 5 A
CRIR) IERAR . SUEEER & L B R T
%z¥mglﬁﬁﬁmﬁﬁ®ﬁ AR 3
LR

4.1 g%%ﬁ@ﬁ%@@%ﬁ%mﬁurm

zﬂﬂ‘ﬁ’ﬁﬁﬁa m7k$aé|£kﬂﬁ?/3§ﬁﬁ AR,
— K FE 8 40 PAY [T S I ) oG 114 22 40 3
L A %SB AN AN B I TR 8 Bl (R )
BAE) . JFUIRA MODIS. Landsat #1 Sentinel 2% & 12
Bt TR I 25 o PR R i R A, AT AL
TR BRI LT i ] K AR i 1

411 ETHEFEEHNELGE @S RHBKE
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il

Emﬂﬁm@ﬁu%,@@%%iﬁ%%%
13 B A A A M RST8] T AT, kA
%WW%%% SR B REKAE 5 ) mEAE N
S RIS R 0 B IR AE 2 — (Zhang
S5, 2018) o SR FHHE 7K SRS Rk A 1) S 1 AR AE
PEAT /KRG 43 250, [R5 e T R B AH (LA i 2 &)
FIRE AR . YUyESE) . BIEFRHOT LI A %L
MR EE R . SKEM GRS (Dong Al
Xiao, 2016) (WL3.275), fE/KFHITT 5 2Py fiz
FFEAE 22 53 450 K0 271 388 38 K A 19 15 5 4% A (Pan
45 02010) . ZHFAH MODIS (3K & K45, 2007) .
Landsat TM (EE4E45E, 2014) . GF-64udE (skPiF
S, 2021) (FETERHE STz N oK RE R A
58 ROAEIE T, TE/AMKRAE (2008) FE TR
AR RN =~ H () ENVISAT ASAR #4454 &
Gto (HJE, Fibt i

AT (U B KAERILL, %
m@ﬂ@a%§“$§§%é

1%, 2021),
T QNN E 22 i 0 5240 K
AEENIOWNE S, 2015), RS HRATE K
GRS 8 T L 45 M 4K 8 2 K 103)
OSSN , 2 458 25 7K 8328 S LS I3 1 0 K 4
B Xiao % (2005) HF 2002 45 8 KA Al Y 7K F
AR BIF MODIS fE#EF5 %k (LSWI. EVIFINDVI),
i LSWIFE 5-6 H [ OKREHEK-FF) 1)
M ET (H&ETEVIFINDVL) SRR H, 4K
TR R TKFEHIEE D (PPPM L) JHR i
T E R KRR A, A a5 g b
52 Wi 125 8] 53 38 28 oML S5 AN 1 e P [m) A, 1 X
) @, Dong 55 (2015) fdi B 18] J¥ %1 £Y
umW@%ﬁWWM%$£§ﬁ¥EE&mﬁﬂ
Kl &4 (Landsat— “). é.ﬁﬁﬁﬁﬁ, Bouvet
and Thuy ﬁ SR A RS e R
W@@& C I B ENVISAT $d, A FH A= K JH 39
FF4f Bt 0 i 1) B 2R A oA SR AR F O AE V2
TT = A YN M X R TR ORBE K RS IR BIF ST . R
ENVISAT I A B 8] /23 8] 73 BE % (35K, 150m)
25 KRR il Pl ke — a2 TRIXE 45 3 0T T i e sk (1]
G S B W A 3 LA K e 1 %) R EE DR SRS R A R
Phan % (2018) f#i F§ COSMO-SkyMed 1! /2 ) HH
WAL AT HH/VV ECAE () B[] 2% £k >k X 43 i B 5 A

MBI KT I T K R, V5T 3 WA L HE
VV%%HHE%%K%%@%%@€§\

AR AR RGN AR
ﬁmmw<mﬁg@%§ﬁ%w.;n%ﬁﬁm
SRAE LR N 20O LA B S 2

FHIK 78 52 2 Y 1 %&mm%&%z&mmw
R S AR S 3L ALK 022 5 Zh %
(2021) "] B 2% JE RS A 30 A R 0] A W o AR E 3
T Landsat 248 F1 307 (9 PPPM 44 32 45 UHE 7 149 7K
FEAAR A, EVAOKS BETE 81.09%0-98.1% ; % [EFI N
SrEERN AN, RS H AR K AR5 (LSWD) fY
ARSI, QiudE (2015) R A LSWI 5 EVI
A5 Ak R B 22 A SRy KRR o P61 1 2 B8 A, XS
TR B KR 19 20 28 B AORS B 15 51 94.3% . 4D,
TEAEGE ] DL 5T 20 A% B LRl b, A BF 5K
21318 B0 A R T K RS B R, 5K Pl B 4
(2021) FIMH 2020 FF K FG A1 (S8 B
ﬁ\ﬁﬁ\ﬁﬁﬁmﬁﬁ>%ﬁﬁﬁﬁﬁ-%ﬁ@
MWL B R 1%, E @bmm\mmn
NDRE1 [ HEHE AKRER I ST, 4521 W
TN, LTI BENS LA E KAE H ER BER T 6% 0
B 5 1 SR VR 1 25 F DL SOK R A e
TEMIBFE IR, 22 I AH PR 3 SR s 45 & KRB 9
B R AE 1R 7K R o] ] A J il (TR L6 3) o SRTMT
T 2 ARl UK VA M X A VR 4 43 28 T AR Y
el AL — R AT R, B IEREE S A LA
45N T RE DT e K Rl P g 4

412 ETEZHRBBENIGESEIKEHE

it 18 BRIy BE S K AR W s 2 A R L AR 2
SRR FEAT 7K A L R T AT LA 250 i ke 551X 35
A — S A R (Dong Al Xiao, 2016). F&
F MODIS, Landsat. Sentie t—}% AR G2 A
%ﬁﬁﬁamaK@@&s Iy D% 1%
WHEAD X 3 EULER4) . R
B2 Sentinel—| ORI 2 16 15 M IF
ﬂ(ﬁ%%ﬂﬁﬂﬂi”?ﬂ%55¥%ﬁéo i Zhan % (2021) T
ﬁm%&é@mm%ﬁmﬁ%%ﬁﬁﬁﬁ¢%
VOB FEAE 45 A YRR B, R 2017 4R
Sentinel—1 3 T & AR il EIIF 5 10 R AAORS 1k 1)
86% LI |-

TR B 2 2] BT 3 2 2] KRG 18 B 5 R iE ]
PLIK B S - R B, S8 TR FH 2 PR B 2
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TR 5 KRS IR B R BF 7T 50k 11

ATTIVIE KRR (FELERS), Hii T AKREEE; ZhedF (2021) 424 T FEe

%Eﬁiﬂ@i&ﬁﬁﬂiiﬁﬁ%ﬁ@llé%ﬁ?%ﬁi, i 27 ) M EE A B T A R T 5T 1Y)
Z K H T # 2= > 7 1 T FE il Bian, A WeiZs (2022) 1%@({ 2 WA 2k R
Zhao %5 (2020) CFhB CNN LRI DT 7 o e [X 4 B

ﬁ?ﬁ %Xﬁﬁﬁ@§$@g
o e 4 KT B, A Tmﬁﬁﬁ%wo@§§§@
e NINCIN A28 25 S5 482 LT 80 70 40 Bk o RN

=3 E?#ﬁ%&?ﬁi&iﬁ%ilﬁﬂﬁﬁ#%%&ﬁ@%{ﬁ AN A
Table 3 Typical applications of paddy rice mapping based on vege%ltion index or radar backscatter coefficient
BRI 5T X 3% A ik I 313
MODIS R 7 NDVI/EVI/LSWINDSI T8 B 5 W e LR (Xiao5,2005)
MODIS R AR NDVI/EVI/LSWINDSI T8 B 5 e Ve (Xiao5,2006)
MODIS AR NDVI/LSWI/EVI TR B 5 e /e e (5K Ak 55 ,2007)
ENVISAT A i VV/VH F G AT A A i (/KA ,2008)
MODIS RIS NDVI/LSWI/EVI FRIAE B & i T/ A A4, 2009)
ENVISAT YA = A CUBLHH J I R 456 A 2R (Bouvet #1 Thuy,2011)
L5 JIUET AR NDVI S8 W RER i VAl <) W e (¥ 4i%,2014)
L4/517 Bt NDVI/EVI/LSWI/NDSI TG s & ok WA (Dong%:,2015)
LSS WA A, L NDWIEVI WS B SR (kontgist @KY
MODIS ngi'q % g, EVI2LSWI AR HE SR TR $\)(&g 2015)
L8 Q\Oﬁ, \j{@ é’i &EVI/LSWI/NDSI T BB A Yk %@3 S % (Dong%,2016)
s‘x{P& Q&}“@j{@ EVI/LSWI R B s A «\ﬂ g (Liu%,2020)
GF-6 ?)0 LEoT R T NDVIUNDWI/RVI/NDRE1 HEBEE B B T (3R PiFar 45, 2021)
g 5 LSWI/EVI SR PR+ Y BT (Zhu % ,2021)
$%$ L7/8 SilE NDVI/LSWI/LST B RS & 5 L& (Wei4F,2022)
L8 P R A A T NDVI/EVI/LSWI/NDBI WSS 6 s R A (Hedayati 45 ,2022)

#: Landsat—4:14 Landsat—=5:L5 Landsat=7: 1.7 . Landsat—8 : L8 .Sentinel-2: S2 (' % [F] )

42 ETZHHEZIRERERSHKESE

A LG T 2R R, % R BB 1R K A
R | B R A ARG 20k K R o P R T
FE B KRR, BORRS
FAGTTAEAE AR, 3 TR A 248
ﬂ%ﬁm%%gmmm%iﬁﬁ@%%%@ﬁﬁ

) Bl A

(2017) . Zhang % (2018) . Zhao 5§ (2021) 434
T ESTARFM, STDFA . STARFM Fll FSDAF fili &
BERIAEAS [F] X BT Jre 1 /K il KoY. (FELER 6) o
FE TR 1 2 B G T vk g P T 7K AR L 1
R E A LA, L% (2020) 3 3%} 2016-
2018 4 [A] Landsat—7/8 F1 Sentineb—Z B LE ) il

A, XN AR BRTE I IR i 2
el S o FT LA R 45 3 *%ﬁﬁﬁgwﬁmaﬁ‘ U
Rk ot A o s Do (01D R A

5 Rl VP T AT ) A K R ) P T )
4.2.1 ETrFHIRREHIKTESIE

Fal £ 22 YRR RS 2 v e FH P A SO A3 5
i S KRR A AT P 1 0 B 25 3 R B A R A D
PO AR XK R R £ S, 4 RO O B
(Mansaray 5%, 2019). Singha%§¥ (2016) . FfifR %

mmm&&mg@ﬁ%ﬁw@@m%ﬁ,ﬁm
MODIS it AR HORES T B4 IR P il B2 R I, IR
Fayiny )% NDSI 45 % A M Landsat—8 OLI M 7K A5 - i 4
SAE X IR BOK FE R IR s R E%E (2018)
W TEBLENR BRI 7 5 FEH K R AL AR
A, BEA %X IR Landsat-8 Fl GF-1 £ )63 s
R B 4B 53 205 T K Rl ]
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4.2.2 ETRFHIFME LIRS HIKFE G E

3 5 AR A0 £ G018 5 51k FE 1 L 24 0 RN
Table 4 Typical appli sgf traditional machine learning in paddy rice mapping bas ‘l;ﬁ‘tefn al data
2 L, ) é“R

.. T Jrik QA TY

« YT H NDVI/NDWI/NDSI ISODATA i W&%“ fi\“ (Pan%,2010)
S&l VAT = A NDVI ISODATA (Nguyen%,2011)
MODIS i LSWI/EVI ¥ J1§%+SV%S\$(%/XX§*H (Clauss %,2016)
si R AT = vH g5 DT £5H (Clauss %,2018)
MODIS i) EVI/LSWIATA: 19 6 415 24k WESHDT TR + I (Liu%,2018)
S1 o I [+ B g VH RF PR — 2R (Singha%,2019)
Sl T I R A X VV/VH DT+RF TR (Bazzi %,2019)
L5/8 AT 5 EVI DT+ 32 PR (Cao%,2020)
S2 R LR X, e B+ 5811 ki AL RF-A K BB g (MR A4 H B, 2020)
S2 KRR X NDVI/NDVIre CNN R (FEMHE A, 2020)
St 7 [ VR i Y A VV/VH RF B 2R (B4, 2020)
S2 ARk BSI/LSWI/GCVI/NDVI/EVI/PSRI YpH+SVM B2 (Ni%F,2021)
S2 e GCVI/LSWI K-Means+RF BT (dela Torre % ,2021)
2 TP @\ NDVI/LSWI/MNDWI RF AR (Zhang %5 cﬁ
S2 E|J - EVI/LSWI RF 2R Mﬁg %022)
S1 +77 =W + an
@ﬁ%ﬁ% ég X VH DT+43 2 R+ (Yang % ,2021)
S@PS\ VH DT B : @&fg % (Zhan % ,2021)
MODIS \\ NDVI/EVI/GI/NDWI/LSWI RF « HEEA H (Zhang %% ,2022)
\Q@Qméll)l :S1CF )
2 %5 T ERHBMIRRRE S S MokTE 6 AT A
Table 5 Typical applications of deep learning in paddy rice mapping based on multi—temporal data
i T X I8 iy Ty P EES 313
HJ R A P T NDVI T2 2] (LeNet5) +CNN+DT HAZER (Zhao %% ,2020)
S1 TR LT VV/VH 1D CNN,LSTM, GRU .RF A (Zhao%%,2019)
st B =L T4 VH LSTM JL[f] LSTM .SVM .RF BZRE  (Criséstomo de Castro Filho % ,2020)
s2 PHBEAF NDVI 2-BiLSTM AR (Campos—Taberner % ,2020)
s2 GRAR NI EVI2/LSWI LSTM A (Zhu%%,2021)
St eS| VV/VH HESAE ML PE A AF ) U-Net 1 KA (Xu%§,2021)
L8 EE TG RHIE ZOHEER IR MG MR T2 R (Afaq Ml Mazmocha, 2022)
81 [N 1 TQ“ U-Net if#%% >] +K-means+RF IR %@
YN =SRie=) EP@“ RGB EfficientDet-DO  Faster R-CNN-TF 82> /KAE4hTH ﬁPs\) sel 22)
sl j% VV/VH L4822 -K-RF/U-Net ?{ﬁ\ \v@ 2022)
I@qﬂqﬂjﬂll i TR LI RIMICA 2 BT A% RF ﬁéﬁg) ({i\ (Zhang % ,2022)
L8 T E AL LG RAE SOy R A () TR 2 2] 99 2% %%’0 (Xia%,2022)
TE: HI-1A/B:HI(CF M) ?)ﬁS\v\v
6 & HO s A I8 B Rl A L 45 Landsat/ B BSCHRE DAy 7K e A A S A M R AR R AR 1 L
PALSAR-2/Sentinel-1/2,  Landsat-S/RADARSAT- W, 1535 fil & Bl oA Hb B2 o S0 00 50 40 It 0 23 (1] 43

1/ PALSAR., MODIS/Sentinel-1. Sentinel-1/2 % % PER | H R RS E N A 2 - ik
BInEE (EEULFE 7). Sentinel-1/2 %5 45 i} 8] EhAEGETR, Xu%E (2023) 3T Sentinel-1 VH %k
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O A KR I R P T Sk 13

PP th —FhOKFRFE 20 (SPRD) HE AL A 1 s RE

T AR K RS R AL RS DL W E QR o A . A
Sentinel-1 VH J& [] i 4F W0 A~ B R AR R BT BL

B 8] 7 910 4 *JC = Sentinel—2 S 1% 1t %6 BY
T, A 18 3 2 B0 B A B BE (1Y) SPRI 8

35NN P (14825 (1044 B-H BE B ) SPRI £
WK FE I o BEAh, Hoflol - A B A Al
BWBTIZN A, WiERSE (2019) fi4 Landsat—
8 Fl Sentinel-1/2 B4, R HI H BE B & & W7,
FIF RF 43 25 45 48 WU 3 48 W FF 5 Chen 45
(2020) DA EVLICFE R BESE X, @l A Sentinel—
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Table 6 Typical applications of paddy rice mapping based on optical data fusion
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Table 7 Typical Applications of paddy rice mapping based on optical and radar data fusion
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A review of paddy rice mapping with remote sensing technology
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Abstract: Rice is one of the main staple foods of human beings. Timely and accurate access to information about the distribution of paddy
rice cropped area and its spatial-temporal variations are of great significance for food policy formulation. According to the method of
literature statistics, we used the topic (‘paddy rice mapping' or 'paddy rice classification') and topic (‘remote sensing') to search on the web of
science (between 01/012000 and 02/28/2023). The results showed that 776 literatures related to the topic, and the number of papers
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published after 2010 accounted for 86.8 % of the total. Focusing on the research topic of "paddy rice remote sensing mapping", we firstly
systematically summarized the physiological growing process and primary cropping patterns of paddy rice following a ¥nvey of domestic
and foreign literature. Globally, rice C\Qi@ion is concentrated in Southeast Asia. In China, the single cropping 1
mainly located in the nort east?egéo and the middle and lower reaches of the Yangtze River. The %upl\)c

rice production areas hl& in southern provinces, such as Hunan, Jiangxi, and Guangdoa@\ ndl—]e@c
relied on radar aﬂf carly stage due to the impacted by clouds and rain. With the abund@hﬁ r@@enifg

radar i sglﬁ‘argistically applied to rice mapping. Based on the highlighted features of padd: ce’\sﬁj"g@

ion areas are

p
an j%lgle-cropping
vappi as primarily

ata-sources, optical and

ote sensing) signal-spatial-
te al” properties, we discussed typical vegetation index and the radar backscatter coefficient m%&é apping, and concluded mainstream
methods of rice mapping in terms of traditional machine learning and deep learning. g , the rice mapping application status was
summed up in three ways: using a standard machine learning model, fusing m ce remote sensing data and using a cloud-based
remote sensing computing platform. It is concluded that the existing issues on rice mapping has the following problem: (1) Rice is
misclassified due to the plants (aquatic vegetation such as wetlands) with comparable phenological stages; (2) It’ s difficult for optical and
radar data to provide entire observations in phenology stages of paddy rice; (3) Rice mapping in terrain fragmental area and multiple
cropping or rotation regions is still a huge challenge; (4) Generalization of mapping algorithms in rice mapping Aiming at these issues, the
next steps of rice mapping was explored from the perspectives of rice phenological feature mining, techniques for collection paddy rice time-
series observations, and enhancements to finer spatial resolution in rice mapping, specifically for future researches: (1) focus on the
characteristics exploration of remote sensing signals in phenological stages of paddy rice; (2) various acquisition methods of temporal
remote sensing data covering the entire phenological stages of paddy rice; (3) improving the spatial resolution of paddy rice mapping via
finer spatial-resolution data or multiple data fusion model; and (4) taking fully advantages of optical imagery and radar data for integrated
mapping of paddy rice and general algorithms are highly encouraged in application.

Key words: paddy rice, remote sensing mapping, multi-sources remote sensing data, signal-spatial-temporal, machine learning
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