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— BB B S P A A 8 50 (vegetation indices, VI) {E A%E
fE, REREAE— EFR R EAR 7 B R B IR A I U
[FI FRAG 7 H &, e 7 2RaE . Hdr, H—1fbiE
#% $8 #0 (normalized difference vegetation index, NDVI)
BN T AAEY SR R I FE 3. Zepe Bl
HHI 2 A Landsat 8 OLI S8 ¥ i NDVI I [A] P41, &5
GO A IEHE R PSER 3 K07, BN TR NEE
Ko B REMGRER DK, BEREEN 85.34%,
Kappa % %04 0.76. KHALIQ 25" Fi| ] £ It A Sentinel-
2 I NDVI, K F BB AR PR 2508 5 R [X
RAEHAT 73K, SRR BEIR B 91.2%. I [8] /7 51| 5 45
ARV R SIS T BRI, el e 2 AF
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BEAE G AL A RE A BT, AR, WorldView.
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B PRBRREN R EMEH TKENRE, & PEEOGERE, EAEEN S SRHE.

F5 0 M B e N EE TR 2 B TH ) 0 RV AEAR, M — R IE
PRI R 2 25 2 REERIRFIESREL,  DLA AT 53 75 5 2%
BRI R AR5 KA. EESF NI R, XEITERRN
SCHUR R R RE P . A WIZET DL QuickBird 7143 3%
HEAR NI, R R TR IC 0 e KALSR i e B 4 2R
T3, WU 4% PH 3 X AT RV 902K, 7 RHEm &
5% 95.3%. ESETLILI 2" Fi| ] RapidEye 74> ## % 3
P A (7] 0 R A3 K7 10 L B E P R AEY 4025,
ALK, THFX RITIESFHKEE OA (overall accuracy)
ik 94.12%, T HETRERMN SVM Hik, XU T4
ML 2 2153 S8 7 1k BRG] FRLRE AR A AT ) B B
R, B RE R LB D ERNIEL R RA S, Xt
AR ERFHE IR IO R ZE . MHELZ T, WA
JTVE K RN ks FE )RR o R 4R 7 s K T B
AR SRR, H 3 B A T R % i i v 31 o 1) X 465
B EH B % 2 BRI, K, B E N %
(convolutional neural networks, CNN) s&—Fh&[TH T
Ab PR PG ECHE IR B 22 SR, RS AR g b B2 R B 5
B BRE EEREE B, 38R 4 (recurrent
neural network, RNN) J& —7Fft % ]y 4b B %2 4E v} [A] Fr 51
(R4, AT LAY Bf Jl B2 A ) e ) o fg el ) R S Oy 3
T RNN HEZ2 9™ & 1 i ) 4 A 33242 M 28171 (long short
term memory, LSTM) J& A F 1943 B i 6] 7 51 s 2
TX G 28 0 28 A5 TR 518 K ()RR AIE 2% 2T B T RE B8 RUBE T AR
VEVDRE AR I MR PR L

W8 & R B2 2 S B AE BB A BRI T K R, G
Xy BB N B BAR R AR R, IR
B TR IR 2 IAT S5 P, AR KRR
B, g SR B H A5 1 36 20 5 S ORI M 3R 4 22 31 40 SR AT
SR IR R RS, B E
AR T2 RN . #EHEESP DL World-
View-2 BEGAAGAEAEIRE, Wik T U-Net 1 DeepLabV3+
T BB AR SR U IX BN o R, MR R
B, TR B ) /N 22 4y SIS kS BE N Kappa 5 307 il £
94% #10.89 LA L, (HBIUE X —1EYR A . XIANG
208 i P 8 AN HLB IR LA E Y 2 R AT RS 10 o0 ), 32
W7 — P 2 v 4 AE Al S 1S o E 2% CTFuseNet
(cnn-transformer feature-fused network) , 7EZ(#E4E
WIS I 85.33%, BEKE N 92.46%, HILA
UG R T IX TN, B A0SR . LU 25 DL GF-1 /&
g HE R E K 5 N B0 ¥E JR, R A CSNet ( crop
segmentation network) , X & /R V5 TH JE X 5k KoK /K FE
KEBATTE L3 #, 7303KEE OA 1 mloU 73l ik 3 1
90.6% 1 0.825, {ERLRYH T 5 —Hdai. XU %P 42
T 2 )2 e T EAEYE LRI 4 (multi-layer pyramid
crop classification network , MP-Net) , 3 + GF-6 Al
Sentinel-2 %45, 45 PR EHE AL 73 HERADGIEHCE B
AT RRAEY 7325, TERAET X 153 Bk B OA
SAERT 94.17% F1 92.28%, MR EFEA T PR

ZRE BRI, SEIUR AR AR 0K 41 53 25 v B AOHS:
TR PR3 R AR P PR AL 1R 23 (A 20 71545 IS LA S v B[] 43 7%
FRATIREE I PSR SR, BA IS 0 RAE o E)
TERYLE LI 5 4 HE R RAAR I, A A M DA e I it e 25090
[R] LG 3@ 5 RET XN AR B — I [A) B (1) B 2R R A S 2 g
1T, BEX S R PR S5 1 X S rh [R] I AEAE 2R R
PR RIS DL, & PEETE o SIS AERL & 51298 N 7
&R ITHAEIR KK &R 7.

BT, AR T MR RS m o ERR S
I P NDVI 1) 22 I E0 8 A& AR P vl o0 8 4% Cmulti-
source crops segmentation network, MCSNet) . % fi %Y
BT I 7 NDVI 524800 15 43 3% 26 18 I AR K B0a 4 =X
Gy AR T RERE A A2 I I P AR AR R 75 2 2 o (R R AR
M gmhdas, 5l N 7B IIVLE] DL 75 b5 B 23 R AE,
T 4 15 7 52 4 bR 465 ) DX 35 11 5 70 1% 26 AR A o0 K
FEo ARSCEFILEMEZTITREE R RX, Bk T
e el AT S A . RN, S5 & ARAED 54
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a. Location of the research area and spatial distribution of crop samples
KA Crops 1 HJan. | 2HFeb. | 3HMar. | 4HApr. | 5HMay | 6HJun. | 7HJul. | 8 HAug. | 9HSep. | 10HOct. | 11 HNov. | 12 HDec.
F S F S F S F S F S F S F S F S F S F ‘ S F S F S

/N IKFE Wheat-rice
HiE-/K FEiRapeseed-rice
LR Single rice
IR FEShrimp rice
544 Lotus root

B 7 iSowing

- A=K WDeveloping

- 8% Overwintering

e AW Flowering A Maturing

b. BT A AR A5

b. Crop calendars for major crops in study area

W FALS MR AL AT .

Note: F and S represent the first and second half of each month, respectively.

A1
Fig.1

R BRIk, BRI IE BAR T A X 2 R D i X 3 g
W2, A REEY, WANEEY, B
PERARERYE. [FRE, BTG E AR E AR, it —
IS UF PR TR Iz AR it T R AP 2644
1.2 BIBRMALE

AT T e 0 F A 18 B R = = 7 2 5 (GF-
2) PEZE#G. GF2 PR 2 MO MmEL ik
FEIRIEFN 4 NI R IRES, Hodh 2 6B & Bas L]
PLIRHUAT #5509 0.8 m A BUfl 3.2 m B2 1B 14
HT GF-2 HiREAK ., s BESNRAR. FEx
ZEEP SR, BRI RIS (8] () 22 S AR 2 s DAk
PO FE X B 5 o ASCHESREL T 14 506 RO AR 2000
MARXMER, BEAET20214F 4 45, 5 AT
AT AK 3w B RBHITREN ENR. KAKIE
IR S 8 1B A A B i AR 9 R A& (B AL (nearest-
neighbor diffusion-based pan sharpening) %7258 il 4= (052
G52t GG XA EGRG; BE gk, &5
B4R, 1920 1 MR 7S 8 2 HE RN 0.8 m 7 F I IR B 4
W (4. g, W, nash) B G

AT 5T BB #5085 K FH Sentinel-2 22063 528 M 1)
i 7 NDVI 5415504 . Sentinel-2 & KKK R & (11 2
o1 B AZ 6T Hu W & SE, 1% & St i Sentinel-2A Al
Sentinel-2B PIAT LB, —HL AT LIS 5 d 1

AR X AR

Overview of the research area

R . P TR T 2618 g aFe 13 4
W, TG, L0il. ITALAMRAE IR AN, H
WS Sk ARUEZIAN 4 NEBON 10 m R . AT
T = EEERMT 10% 0 12 B8, AR
NEEAS 2021 4F,  ELARBIFATREI 18] Bt B 1) 2= 5 7 o
LR 1o AR 12 W@ S8 34T 58 5 e bR AL IE
BETERAE: HHEE SRR B 5 5 NDVIL
IRIG AT IR BGRB8 12 P B 5 NDVI 5%

= 1 Sentinel-2 F1&FIFR
Table 1 List of Sentinel-2 images

5 EigEz-2n e A
No. Shooting time Cloud cover/%

1 2021-01-01 5.224

2 2021-02-20 0

3 2021-03-22 0

4 2021-04-06 1.538

5 2021-05-01 0.032

6 2021-06-05 0

7 2021-07-30 0

8 2021-08-19 3.765

9 2021-09-23 6.399

10 2021-10-03 3.421

11 2021-11-12 0

12 2021-12-17 0

AL FE 5 1) GF-2 242 47T CGCS2000 A4 45 55, 17
I & NDVI 5214 348 A7 T WGS-84 2h 5 %, ¥4 GF-2 &
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R WGS-84 AANR &, TS bt 42 i) 25005 P R s 4R
BCHE, HaCR TR R LA B R B o
1.3 BUEEHIE

BEALIZERE 3 4 5 kmxS km 4R AE 425 51 8 Ay 350 16 11 ot
RS IR ERREA B, 3 AN XA KR B
BT FERR 5 MRAEY) . B ScH S B L T
AR, SHl L RIBEARE, 1ERNRED B .
fHF ArcGIS X i HUH ) X Ik 47 bRyt @il& 2a o,

N

PR

LR AR VERRE

High resolution images

Expert interpretation labels

B s e il 10k 5 MY, BENE S, K GF-2
AG S bR 2 BE A NDVI S2 80 A7 B e e, AR5
R — I E SR G ATEE . ¥ GF-2 585k
BN 5123512 8 3 KN, A T U B 70 A JOE A
SCATHE H 48 1A N RSE, K P NDVI AR 5087 )5
HRFER 128x128 18 3 K/, H 4 3K1E GF-2. WP
NDVI. SR AH TR it 2 832 % #d i B 4, #59>
s R 2b Fior.

X IRA X 1B
Area A Area B

a. Bl SRR A

a. Dataset annotation position

GF-2RE Y14
GF-2 remote sensing
image

Time series NDVI
(pseudo color)

FLYATAREE

True value label

B /1K FEWheat-rice

3 .

{3-/k FERapeseed-rice [ 7 Single rice [ #FFEShrimp rice

i Lotus root [ 75 5Background

b. F > ol o
b. Partial dataset display

B2 HdEEHIE
Fig.2 Dataset production

2 ZRBBERIEWIEN 5 EIMLE——MCSNet

2.1 1RBUERIRGEH

ASCHE ) MCSNet # A AR ZE R 1] 3 Fros, #8E
B EEHE S PR IS ES (high-resolution decoder, HR-
Decoder) FIi Fgmiitas (temporal-sequence decoder, TS-
Decoder) 4 BBt a 4544, DL 51 N = LI
Z R AE Al A 59 2% (multi-feature fusion encoder, MF-
Encoder) Z5H2H . HEALIE I /= 7 2R dm b 25 S5 K N
512x512 B KN RN 0.8 m & HERE G B
Frgmtt e 128128 R & K/, HRAEE 3.2m 7 H

P NDVI A . 2 B LA BT T BUR A
JARRIZRE . 1) FRFERAE R eSS KA
FAF FEAEREAE LR . WK 10 m 9K
(¥ I NDVI $85 #RFE 2 5w 20 9 R B H
0.8 m ZpHFR, FRRIGIEAR TR GRS HE, i
WEIEEE SR, BRI . 2D EAHMTER
FERUTE DL PR Ecdfe 5 B 2R e UL fse /s 1 Kool 2 O B 4
B HWMEIEN D HRAREEENHERR, 25
BOW G b &5 N\ (02 AR R AL BLAS B A A RS
ASSORE PR BRI I RN 0 R BB 14 1 LE
KER, MUATCME—ERRE 8RR, RS,
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PR HE SRR s[RI o] ORI SRR AL S5 i 7EER R p s (G B RURSE, 30 ST 20 R 2 1) 2 ()
B EHGRHAE R R B T BB a5, Bm PR B RS9 HRER 0 P RHEAE R — 2 [ R BRI flE

ENPEEE T HRoDecoder p ',','__.'_'_'_'_'_'_'_'_'_'_'_'_'_'_:' T
Highirrg:gleution i .—JZIJ\R#??F%(}JE&%% — COI/]XVSPP _ m \

ResNet50

--------------------------------------------------------- : FRs
:‘ MF-Encoder Upsamplo : Label
1% AR AL A 2 by 4 i
| |
1 1
! 1x1 Conv | S I RDAM J—{3<3 Conv }— Upf)amplc —
1
. |
1 1
NFPNDVIAS ] !
Time-setieSNDV] === - e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e — - —————
image TS-Decoder
I P |

1

|

Yy 1

A 1

1

ConvLSTM, ConvLSTM, ConvLSTM, :

| - | _’[ BN+ReLu ]_’[ BN+ReLu ]_’[ BN+ReLu ]_’ - :
o 1
1

1

VE: ASPP NZIA4AS ) 47 Estk, Conv N, rate MK, Image Pooling Jy&I{4 ik, ResNet50 7 LA ResNet50 1F /%%, Fusion FRIFERNE
RDAM A4 BT & /8, ConvLSTM NEFK 4 H1ic 12 5.0, BN+ReLu ¥ Batch Normalization /= 1 ReLU JZ, Upsample A _F>RFE, F,v F, 1 F, 55
RIRZRAE . HIZRHEAT FPRHIE.

Note: ASPP represents atrous spatial pyramid pooling, Conv represents convolution, rate represents the dilation rate, Image Pooling represents image pooling operation,
ResNet50 represents the backbone network based on ResNet50, Fusion represents feature fusion, RDAM represents the Convolutional Block Attention Module,
ConvLSTM represents convolutional long short-term memory unit, BN+ReLU represents batch normalization and ReLU layers, Upsample represents upsampling, F,, F
and F, represent deep features, shallow features, and temporal features, respectively.

B3 ARG
Fig.3 Overall structure diagram of the model

22 EPDYREYRRDE JERVE SR, 2 1 SRR AR SRR DA S 223 23 1) 4

BT WE i 3% (HR-Decoder) 7 #1135 20U /& 4 1
RIEBGARE RIER, Fr A &0 R g & B a
TEREMET . SR LFEE . figEsH
FFML R 7R S BEMT R R, TR
HEANER R EIERE, IR EE M) T M 4% 2k
H P i8R ] T ResNetS0™ {4 3 3 1M 4%,
ResNet50 52 —/MALIRZEM 4%, Bl 5] ANk ZiERkK
TR 2 M 28 A3 B B, G SO S Ad 1 B 9 28 iR
T 7 A PR A RV 2 TR R, B OR i 18G5 1 A R 7 TR SRR AR
Tﬁmﬁﬁﬁ’]%ﬁ {51345 1Y R B0 25 M 5 23

SRS P BRI A BN R A AR AE YDA o

N T REAESR G 2 S ARAE SUAE B 10 R I O B 201
BE, EFEFMEPIMANG L, RN 45T REE,
TREE 0 = 7 R AR AR IE . E TS LESE K 16
R RAE R, N — B IRAGE SRR, 51N T 23T 22 1)
&AL (atrous spatial pyramid pooling, ASPP) #Htk,

ASPP i8I JFAT K A FERAER TG, ses i i
AEREREGER, AT RK/NA—. B
HHIRAEDE S

B fih & e 2538 I A 23 SCor i e AR F R F
F, IRERMER, HWERIERAE mE PR E 45
A5, AT BEEMERLG TN, F, 9iE

TR, WAENEEMEER, BEET
AR ER P R S FRAED A S 2 MR R, o2
KRNI FAE R EARKRZE R .

2.3 FIF4miEss

I gmfid % (TS-Decoder) & 7EXT NDVI i ¢ £ 4

HEAT B A R AE B2 B . NDVI I 5 £004 L 35 58 n =
*Bﬁiﬁf’ﬁ%qﬁ%{%{nm B384 U2 TEXT I P NDVI ¢
PEEALEE |, FEAS RE FHEBUE E A YR R AT
ConvLSTM (convolutional long short term memory) B #
JG, Bt LSTM E’J/Ele:, 1 4~ ConvLSTM .G H 3 4]
ERETAGIE AT ST T ], BT RS 7B
B, 5164 LSTM *Htt, BRELE AL PRI 8] Fp 51 1 [R] i
TREE G R, b2 M EHE R TUAR, ConvLSTM H#7¢

AEEILE 4,

i PP 405 %% (TS-Decoder) fii N\ 128x128 N~ il
BN 12 B NDVI 8, E 5kt 3x3 SRR
o) Rp fE BEAT A B SR B, &0l 34 H B
ConvLSTM . Jt, A~ ConvLSTM H. G J5 £ ¥% Batch
Normalization+ReLU JZ F KA 5 16 B 73 A I 485 9 R AIE 22
KEEST, ?E%T%EX%&TEE’JMI‘EU??J SAE, B SR AL B S
FRRFAIE i N 31005308 5 AR AT 4, O JR R A 0 BRI
HER .
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F: Conv NEM, X AMHTI SN, H, A H,., 7359 2§40 E— )
BEEEIRE, C M Cy AN ARTA_E— B 2B TRE, fis i o
SRIRBETT. AT T, ¢ N IRIEIRIZ R ICIRES, o 9 Sigmoid
WG EREL, tanh JOMIEVIEREL, o AMRIEIIEA.

Note: Conv represents the convolution operation, X, represents the input at the
current time step, H, and H,, represent the hidden states at the current and
previous time steps, C, and C,; represent the cell states at the current and
previous time steps, fi,ir and o; represent the forget gate, input gate, and output
gate, ¢ represents the candidate cell state, o represents the Sigmoid activation
function, tanh represents the hyperbolic tangent function, and o represents the
Hadamard product.

B 4 ConvLSTM W 4457 A
Fig.4 ConvLSTM network model diagram

24 ZHHER SRR

ZUHSAE RS RIS 28 (MF-Encoder) FIAE = 20 9%
R 28 1 H IR BRI F RERHERE F, 587
gmtD 2 % N PR EE F B TR, B2 TREEE R
FRAEAR S50 AT B AN, PRl I FoRAER 45 . i
() il TR B Dy Sl o afe vk B PR R AR X R AR 2E AT 4]
WRE, PN BB ZE BT B LRI B, 29
Rl R A A R

BARREE NG Fis Fu F, 5 FpFoF, BEAT BHE R
1B, BIXJUARHIE K B AL [ —4E 5 EPHieiie sk, SeRidfy
IERIWI G . X PP 7 AR T R AR R AE ST AF
B, OB E SRS T m M A BARRE, FE TR
KX Z RN, PHEE IR S T B s s
(A5 S, (1B Re 08 5 dF gk AT RF AR5 2 R 43 2K

B J i N AR ST [ 5% 22 WU B JIREEL (residual
dual attention module, RDAM) ¥ Fl &4 AEHEAT B 5 B 1E .
P HL T CBAM (convolutional block attention module)
HWATRE, RS S TR EE. B 5 ER T RDAM (M4
T RS, JE I R DGR 3 23 [A]yFE AL H (channel attention
module, CAM) Fl75[A]yE F AR (spatial attention module,
SAM) , fFAREAS 73 S REAE P A7 2% 2] 38 T8 A1 23 () b O
BERRE, B NFREEE, KRGS XER S
B SR R IE A 45 &, AN AT DURE 5 2% 2] i R v H B
BEEETH RIS, RIS thG o 1 BRI REIE Rk g

R 25 o 2 I TE R = I, B e RN
REAIE LE e B RN B8 B 24 B b 3 AT 42 Ry e KA A 42 Sy~
BbAk, AR R e NGB B T EC PR AE B S 23 0l B
ENZ ZEHIML (multilayer perceptron, MLP) #1347
. Z RIS AW E2EREE . REEH
Sigmoid & HO6 PN 45 B 2 RN HEAT 0E I 5 R AR R AE
1TAETR, 3 3)EE R JIRHIE .

(eI S8 10 S el T Ve S = A b1 Kl 2 I K= et 1 d
FH Ak 2 558 R A1 P AT i R FH ~F- 3848 s 4 LA /D TU 4
SR SRR XA S R B s 33 BREA
R ()9 70 B, DA o R ) A TR R AE . B s
sigmoid PR HCHATEUE H SN REAE T, 1527 AER
JIFFE.

T AR
Channel attention module

RE K

Input feature Avgpool Multilayer perceptron

! AR B

E Spatial attention module

! ik

' Maxpool

1

. JANIAN

—O—+®-0-

; AN/
i Bz T
! Conv layer ~ Avgpool

DAL

Optimize features

1 oREBINEZH, FKEH, OFR sigmoid i, ©FIR concat #f.
Note: @ represents addition operation, ® represents multiplication operation,
@represents sigmoid function, © represents concat operation.

B 5 RDAM A3k 4
Fig.5 RDAM module structure

W, Gk, 1SEALEHE, K4d RDAM
AEHR AR AL HRIE F AN B 3x3 AN, X $odi #k 47 [ 4k,
s BRI TER 4 BRI, TRE AT B 25 18]
SE, BRE—ERAEZ, vl 1x1 BERERHE
B R R A B R L B H AR R RS b, e
RIRAEY) 385 R .

3 REERSSH
3.1 R

FEA S ARAE Y S B s S HE 2:1:1 I A9 B ALK
SRNGREE. BEE. MRS ISR TREUIZE,
IS T IR R 25, WA TR B
AT VRN . RSO A EL T Pytorch PR B 5% STHEZE
SLHL, AR E W T : GPU R RTX4070t (12G &
%), CPU X H i5-13400F, & 1T W 1% N 32G. % H
Adam {E RAERLIZR I RAL 2R I ZR MGG 5 D] R % BN
0.001, FRFHFa B 5 2] 2 R o YRtk
/N Batch Size B N 4, EARIREL epoch WE N 200,

TEARAFT B RAEMIEA Y, INEIKFEEAREIT
m T AL, FAEREANFERS, HRIEMFEARE
Ry BFABAE I, NCUIEFEE N A FEAR ZAR I 25
1 %, ¥ Focal Loss®!! Al Dice LossP?. 2H B R4 4t
2K BB E A RN G452 2k B L

Focal Loss J& —F7E S AP 1 B 45 B SRR B
S )RR N T B4 S BRI, IR AR R R X S S
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BURKISGHE, H H I8 3 5 ) FPEAS BOA G 24,
AT LA R £ v 2 S TR E DL SR AORE A, AR T

C
Li=->a.(-p) In(p.) (D

A LN Focal Loss tHAE 4R, C LMK EE. a &
AT IESFEA R REL, 2 — AN RN SR AL E .
Do RERETUNT TR KA N .y 2 — R T,
FH Rk /> 5y 4 SRE AR IR FR 3 T ME o R A AL
Dice Loss i 25 B 32 —FiUH T~ B 2 HI 40 2K pR 2L,
HnF-
Ld:1—2|XﬁY| (2)
X[ +1Y]
A XA Y 53 0 s TOIAE A1 B SE AR %8, L, N Dice
Loss 15 BB 545 B . Dice Loss HIMEM/N, 15 B 7L
SR 5 BRI S R
Focal Loss il Dice Loss fE ik £ X LB A H
AN, BT T TR R, S oo T
53 1 25 FE 0 S A AR o PR 3 25 6 AR D4 % ok 20mT DA
AT R S SR,
L=L,+L, (3)

X L Aadise, Lo Focal Loss 1HE 45, L, 4 Dice
Loss R R 45 R
3.2 xEikiE

N E W E B PP AL AR SCHTHE MCSNet (RVEY) 43 K AT 55
R RAOR, Ik A T & il o HIE R PSPNet.

U-Net. U-Net++. DeepLabV3+, LKA WA IR R
BUEFE ) MA-Net?®®! (multi-scale attention network) F14%5
4 Transformer 2244 4 R R HE B8 71 5 5 AR WX 2% Ja i s
TESRBUAR #5) SegFormer, #EATFEL M. FEINF, A
T UEWI I FE NDVI 88 (9 51 AN IX LERE R 73 3R 7= A
[P, XX LR A oy AT PR AR, B — AN
AR, B A &P BRI TN
NDVI. FEFRAAE, AORUEFT LU G S [F] I 4\
17 RS AR RN P NDVI 8, 75 X i) 7 NDVI £ 4
AT E R, RS m PR 2AAEME R HMA RN,
FEAE B S AR . R FE X EH PR Fa br
22 F He Cintersection over union, IoU) . *F-# % Jf tb
(mean intersection over union, mloU) DL K &4 44 5 &
(overall accuracy, OA) HHATHE VAT, WlI0 4 R
L2 PR, MRIERETTLLE Y, fERUARY NDVI 25,
7 AR oy SRS BEAR R 2 pe v, MECT RS o A
#, PSPNet. U-Net. U-Net++. DeepLabv3+. MA-Net.
SegFormer. MCSNet /] mloU 4 7 $& & T 6.55. 8.39.
9.93. 12.13. 12.53. 13.05. 1503 M H 5 OA#H
7 10.89. 9.88. 10.7. 12.08. 13.09. 13.42. 14.82 1M H
¢ R ARBRIE/NE KRG, /N, BZER. IR
. ERX LR EA I BRI R RAEY 432K b, K
FEIRE T 17.58. 19.49. 16.03. 13.57. 9.95 ™ H 43 s
WEEH T B NDVI BN A AE D8 S5 F0kS BE 4 =
HAEH. fERNE T NDVI Z J5, ASCEEAL mloU
FOA LR T 77.75% F1 89.56%, {EXF ik e Rk 5] T
5 e IR o

&2 XPEERELE

Table 2 Comparative experimental results %
5 . IoU
i D TNEKm WEkm  REm W W TR moU OA
Wheat - rice  Rapeseed- rice ~ Single rice  Shrimp rice Lotus root Background

PSPNet 59.98 48.32 59.57 63.19 65.06 60.23 59.39  68.82

U-Net 60.54 49.65 60.84 64.74 66.60 60.59 60.49 71.21
e e U-Net++ 61.73 50.48 60.01 65.26 65.84 61.76 60.85 72.32
High—Re,?oﬁligzjimagery DeepLabV3+ 61.50 49.17 61.25 68.83 67.01 62.57 61.72  73.67
MA-Net 60.91 51.45 61.33 67.77 67.79 62.68 61.99 7334
SegFormer 61.81 50.98 61.38 68.65 67.32 62.54 62.11 74.07
MCSNet 62.18 52.83 61.62 68.08 68.48 63.11 62.72  74.56
PSPNet 70.32 56.23 67.53 68.66 67.49 65.41 65.94  76.82

U-Net 72.12 58.87 71.58 69.96 71.32 69.45 68.88  80.21
I A S U-Net++ 72.73 61.23 73.32 7232 74.87 70.23 70.78 81.32
fif Ff NDVI DeepLabV3+ 76.23 65.31 73.86 76.23 77.23 74.21 73.85 85.67
High-Resolution Imagery + Temporal NDVI MA-Net 75.87 68.43 75.23 76.12 74.65 76.84 74.52 86.34
SegFormer 77.21 67.96 75.58 76.32 77.23 76.67 75.16 87.49
MCSNet 79.76 72.32 77.65 81.65 78.43 76.69 77.75 89.56

VE: ToU NZEIEHL, mIoU A FIZEIELL, OA NERKEE.

Note: IoU represents intersection over union, mIoU represents mean intersection over union, and OA represents overall accuracy.

6 o 1 AE [\ I H v 23 E s A 7 NDVI 4
I, 5 BRI b2 B R s il . I )
FRUCH GF-2 JE B, br%. PSPNet. U-Net. U-Net++,
DeepLabV3+. MA-Net. SegFormer [ A% 3C#2 Hi 1) MCS-
Net, A LLF tH PSPNet. U-Net. U-Net++{77E 5% £ i i
KIBE, HARIEVIR S 5B R A, DeepLabV3+,
MA-Net. SegFormer )% 470 R, Jo A B

KRR, g nERA e, Bl THdEmE s
B, R AEAT ORI B NDVI EdE, LT
BZARNIG, GRRBIH R T /N -3 5 T
W15 5 52 7 2 18D R A 5 2 W PR R 20 1 DL AR SO
MCSNet MY b (iR 5 00, IA 50 BB 5 it
Brog B VE L O BRAR, U R R 45 K AR RS AR SR B S R
Al e LR eI
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GF-2 Label

B

PSPNet U-Net

U-Nnet++ DeepLabV3+ MA-Net SegFormer MCSNet
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TR KT
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ié%ﬁ
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i Pt

Shnmp rice Lotus root ackground

A6 ZAER LR ILE

Fig.6 Comparison of results from different model

3.3 HERRAI

N T HE— 5 B AIE A S FTHE MCSNet 5 8 5] N )
ConvLSTM .70 2 RDAM FEEL A R, ARCE T —
IR, Xt 4 ANBAEAT ST S VR AL 1 HBR
7 RDAM f5H, H ConvLSTM H.yc il 58 Z B AR
FiAY 2 (B RDAM F5Ht, ConvLSTM #i7g il 547 2
B, BEIA 3 {5 ConvLSTM H17G, Mk RDAM ik,
BERY 4 Jy 7 SC TR HY i) MCSNet. 78 A0 [/ 6 44 F 58 BOvt
AR, B 78 4 BRI 45 S AR AR
HJ t-SNE (t-distributed stochastic neighbor embedding) HJ
Mg R, oL E W, f£% F RDAMM Hh 5
ConvLSTM *ycHME ML T, Hod s m o Ao bh e sl , H
REPOEREE, SRR
NG KR BER o U S it

. . °
Wheat-rice ~ Rapeseed-rice Smgle rice Shrlmp rice  Lotusroot — Other

e

FER T Model 1

712 Model 2 B3 Model 3
B 7 HakiKE A AE t-SNE TG
Fig.7 Visualization of t-SNE (t-distributed stochastic neighbor
embedding) characteristics in ablation experiment

1R 2 fENN RDAM J&, AT LOWEE 3 & 200 B
=3 HEhRY

174 Model 4

REP O EA Y BROR, B8N AR R
IEM M, F7 3 fE5] N T ConvLSTM ¥t )5, " LLE
A R S SRR A BT, UiBH ConvLSTM HL
JCHEE 2345 B R A A%, A SCHE ) MCSNet,
Zi4 7 ConvLSTM 4544 Jz RDAM 5 He o R AE $2 B ok
IRARVER, FRAF BB RE, H RIS OB SRz,
RAEMF RS B E X 4y, 3K 3 8 4 R
FERNER, G4 REH, RDAM HHFI ConvLSTM
BTGB o SRR T R KR s, Hd
RDAM F EAE 2 52 S i SR AE A OR, 5l N
Yefg, FAY 2 AT T LAY 1 £F mIoU A1 OA k43 Jil 4t &
T 0.28 A1 0.85 NE s, A 4 FHXT TS 3 7E mloU
1 OA F4r % 7 0.68 F1 1.28 N4 Ai; ConvLSTM
SERI ) 2 BEAE R LE T 5 IR N BB 4288 B 7 NDVI 248
HIR=E R, RIGEEEH, 5]\ ConvLSTM Z5H) 5,
RAE S FHAEER TRKSET, SIN B )E, 53
FERF T A 1 78 mloU A1 OA b2y 53 & 7 A1 3.16 Al
2.96 N E S B 4 R AR 2 7F mloU Al OA I
SRS T 3.56 F13.39 NE4r R . ASCHEH Y MCSNet,
7£ RDAM FREFT ConvLSTM # G HIBCAEA K, 15
TS BIRIS(E BAAEE ), ST JE RDAM
BRI ConvLSTM B IGHIARAL 1, mIoU fl OA _E43 iR &
T 3.84 F14.24 NEIY .

WEBITNER

Table 3 Quantitative evaluation results of ablation experiments %

sl

mloU OA

Model /NF-JKFG Wheat - rice  JHI3E-7K G Rapeseed- rice  #1Z5F% Single rice UFF& Shrimp rice 3% ## Lotus root ¥ 5 Background
#5741 Model 1 76.23 64.83 74.16 76.47 76.82 74.96 7391 85.32
174 2 Model 2 77.32 65.68 72.72 76.98 77.32 75.12 74.19 86.17
1574 3 Model 3 79.15 70.85 76.87 81.18 78.32 76.06 77.07 88.28
B 4 Model 4 79.76 72.32 77.65 81.65 78.43 76.69 7775 89.56
34 BWENASSH 5 JE R A VDR B S 4 SR P R 7T X 58 B AR AR

ARSI FURSE Y AT LU T8 9 X 43 A AR 4 2
or2, BRI IT X G sl 70 e RAR SR A . 4%
PRI BRI X AR 5 20t R B I NDVI
SCARAERS AL B HEAT A8, K V) S AR AT 0N

eSS

N T BAEAR ST IEAE W T IX AR AR 73 1] B ROR AN
KWL L DUB Ik, e 7SS & IR LA 2T I 2 b
[DRS H l J7 i HEAT RO b B e S k1 X e K A
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HA 1 12 M ( bidirectional long short-term memory, Bi-
LSTM) 445 % Inf (8] F* 5138 IR HEAT ARAE D 70 2K, 2 T4
SR I O 50 OGS B = A I X R R AE 2 2R TR A
B [FRE R ) Bi-LSTM [ 4% i iief 57 388 8 2 18 471
Yoy, RIS 51N e 2 6] 73 B S AR 9 FRE H T 1) %) R
Bi-LSTM 7326757k, 58 O T B 51 55 X R AT Rk 45 4
PR ASCE NN Bi-LSTM 1 [HI [ 45 3= 5 1H] [A) % 5772
BEAT XS LG, SR A R H T AR AR A ) RS BEVEAN ) OA.
Kappa & #{. mFl(mean F1 score) F1 mloU 1E A A &
R VE FR bR . 3 M7 v AR R AR b RS FE VR A 4 R 0

*4 BIEENEEITNGER

Table 4 Quantitative evaluation results of each method

P =y
c1assi§?c§i§1iemod OA  Kappa mFl mloU
mﬂjﬁ;%fﬁ?&gi_;ﬁg% A 020 075 079 0.66
ke :
Xm*;f_?f%ﬂfﬁffﬁfgﬁgjf 2 08 080 083 o7l
Oﬁ%/lﬁﬁd 089 085 089 078

: OA NEEKEE, Kappa 4 Kappa 23, mF1 A F1 34, mloU
NFEIREIFLL,

Note: OA represents overall accuracy, Kappa represents Kappa coefficient,
mF1 represents mean F1 score, and mIoU represents mean intersection over

F 4, R RIREEREILE 8. union.
1.0
NI R NI R e =]
Wheat-rice 0.04 0.06 0.03 0 0.02 Wheat-rice 0.05 0.03 0 0.02 Wheat-rice 0 0.02
/KR | 0.03 0.01 /KR | 0.04 0.04 0.03 0.01 TR KHE | 0.02 0.01 08
Rapeseed-rice | ’ ’ Rapeseed-rice | . ) ’ : Rapeseed-rice | ) )
i 0.01 0.05 R L 05 0.01 0.05 R 0.01 005 | |06
Early rice ’ ’ Early rice | ™ ’ ’ Early rice ’ ’
LY LY UG
Shrimp rice | 00s Shrimp rice e s Shrimp rice oz o0l 0.4
Lotus root [ 0.02 0.01 0.03 Lotus root [ 0.02 0.01 0.02 Lotus root | 0.02 0.01 0.01 0.03 02
S Lo1r 002 005 0. Sl Lo0o 001 005 0. Sl Loos 001 0.04 001 002
, , , , , , , , , , , , , 0
o, Lo & N o, Lo W L, Lo B oW
RSP S S PO @%& S N SRS D¥C @%\ N PSP JCa SCINCE FOR NGy
\‘%'&\ géi,@b » & ¢ O NGRS NP NG 1§$}§%@0b § & & ©
DNy &P S R0y by & <P &P A\ & &P
Q&Q < @Q Q?Q S
a B K HIAAZ IS GEF53) b. XA KA A2 M 2 (I g 4 5D c. KI5k

a. Bi-LSTM (Pixel-based)

A 8

b. Bi-LSTM (Object-based)

B 7y ik A 4E

c. Our method

Fig.8 Confusing matrices with different methods

RIRAE R, A RKTTENS RN TETRE
5T w4 5 Bi-LSTM &%, Wl 245 5 OA (0.89) .
Kappa £%( (0.85). mF1 (0.89) 1 mIoU (0.78) 4 I
FEARIBIL BN T B AR IRVEHE M RT DL B H T v
TR TN R T RAG DL, AR SOTTVEAE N KRG, /N2 -l

I 12 KHE Wheat-rice

liZE-7K FERapeseed-rice

X fkA
Area A

X 1B
Area B

a. MU KRIAAZ Mg CRET5 50
a. Bi-LSTM (Pixel-based)

B -7 iSingle rice

b. XA B2 R4 (TR 50
b. Bi-LSTM (Object-based)

B9 FRREFESEHRMIL

Fig.9 Comparison of classification effects of different method

v HIER. UG, ERIX JLERAEDN 4 FRE BE L 3
7 0.90. 0.84. 0.87. 0.92. 0.89. 0.87, ZRALT ¥t
LU ) P o [ 265

3 MOmvEAR 3] 1L X S R A 2
K, BEPUER: TR AL B #HT4ET R (A 9 Fr).

B ¥ Shrimp rice

£ Lotus root

c. RILT7ik

c. Our method
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FRYE R 1) 45 v OB, T 5% IX dpt = 22 1 b A A
FOANEKFE, G TR, OO R ER
HIrRE, PiRREMMSEEBRRMMETIR, M
Se-/KFEFIAE 2R AL RT G AR b . lid A B X
RN DOWER B, HEFEE M Bi-LSTM Sk 776 ™
ER BUEREE DR, Xl TETRERNETTIE
REE TR EAR GBI, A R BIF ARG K722 (0]
FRIEER. AN B Bi-LSTM 8542605 T3l
B PR RIPI R RIS, AR T AR
O, RS IE, KR FENIZ TN
SR FER AN OIS, HFEEEREEmHR
AR BRI RE, ANRE R B2 98 2 IR B0
HAWIB 25 B AR SCHTHE 3R B 2 3108 Loy BB Y
MCSNet 70 PR T 5 TAR Z A [0 56 Bi-LSTM
53T . MCSNet MU EAF f =i 0 KRG BE, i@ it
BT XSS A5 7, AT LA %% 38 A 28 F00) &5 SR o Ak 1
VIH R, WP B, FF HAEA R X R I
HESRIZ AL RE ST AR IR R T B R 1S A%
PR TR 48 25 22 YR AN [) R PEE P 308 TR 2 B 3R AT R AR 43 2
(R AE AR b3 S W B T, O B B AR A
P AR 2 A4 O R DL R AN T R
&, R T B ERE R EOR S HE

4 F B

N TR o HEERRAEE L BB TG E R
BRI AL & AAE WA JB B P 55000 A T B, Rl
TER MM X, (AR B R B RIS ) it
AT RAEYD 53 AT S5 16 B i () R e S Bk, ARt T
— P BEG R  ER IR SEG R A Th  BERI F NDVI
M5 X5 FI A MCSNet, AU miL 28 4544, Re%
B X = R B S AT 5 o R T AR S
FRAER R 3298, JRIE e = I pLE] 5] 5 1 B A s
POty 255 BTG, A RUhREE T 2 R 8 I A
W, 38m TRAEYr RAOR ERE . FESRWT:

1) ASCHEHH MCSNet B8, 73 SRR FRS B LT
FixtEE i PSPNet. U-Net. U-Net++. DeepLabV3+. MA-
Net. SegFormer. fE5I AKF NDVI$#E 5, A SCHA
TE/NZE-IKRG, /NEE-sR, HZERG. IFFE. ERX LR
FA U W i e AE (1) A 0 28 Y 1 43 ORG240 il 3 v 1
17.58. 19.49. 16.03. 13.57. 9.95 NEH D M.

2) A A SCHE ) MCSNet #78, #£ ConvLSTM
SER LA RDAM BERBRGAER T, MR R TECR
Pewm, RIS SE SRR HTEM A ConvLSTM 4514 H1 0 fl
RDAM fEH 5, B4 2545 B mIoU F1 OA 4 5l =
T 3.84 F1 424 NEIY

3) fi FAS SCHE YA MCSNet 584, 52 R T *HIFAG B
PRAEY N 25, IS5 3 T8 2 M X R Bi-
LSTM 4327163047 7 bbb, To e A2 18 il B 2 8 A2 4y
FNEE T, A IES I B B ss, PUoifEbr
Bk BT o K SRR BN 0.89, Kappa RN

0.85, “F¥ F1 15435 0.89, “FIAEHtLH 0.78.
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A crop semantic segmentation model integrating high-resolution imagery
and time-series NDVI

ZHAO Xu', LI Hao'™ , ZHU Yihu? , WANG Shengli>* , HE Yanlan®

(1. School of Earth Science and Engineering, Hohai University, Nanjing 211100, China; 2. Jiangsu Provincial Geological Surveying and
Mapping Brigade, Nanjing 211102, China; 3. School of Environment and Spatial Informatics, China University of Mining and Technology,
Xuzhou 221116, China)

Abstract: High spatial resolution of remote sensing imagery has been increasing with the optical sensor performance. An
accurate and rapid classification of the crops is often required for agricultural production, yield prediction, and structure
adjustment. However, the traditional high-resolution imagery cannot fully meet the rich phenological information in the crop
growth cycle, particularly in the complex planting structure regions with both single- and double-season crops. This limitation
can significantly constrain the performance of the high-resolution crop semantic segmentation models. This study aims to
propose a multi-source crop semantic segmentation model— MCSNet (multi-source crops segmentation network)— that
integrates the high-resolution remote sensing imagery with the medium-resolution time-series normalized difference vegetation
index (NDVI) data. A dual-encoder structure was composed of a high-resolution encoder (HR-Decoder) and a time-series
encoder (TS-Decoder). The HR-Decoder was targeted at the high-resolution imagery in order to extract the spatial detail
features, such as the crop plot boundaries and texture differences. Meanwhile, the TS-Decoder was focused on the medium-
resolution time-series NDVI data. The vegetation indices were utilized to sensitively capture the spectral variations of crops
throughout their growth cycles, thereby fully exploiting the phenological features to distinguish between single- and double-
season crops. Furthermore, the network incorporated the convolutional long short-term memory (ConvLSTM) units within the
TS-Decoder. The modeling capacity was enhanced for the complex temporal information. The local spatial features were
extracted to effectively capture the dynamic changes along the temporal dimension. Subsequently, a multi-feature fusion
encoder (MF-Encoder) was integrated to fuse the multi-source features from the HR-Decoder and TS-Decoder. The residual
double attention was also utilized to emphasize the importance of the critical feature channels and spatial positions. Thereby,
the temporal features and high-resolution spatial details were fused to ultimately strengthen the precision and robustness of the
crop classification. The time-series NDVI data were also integrated with the MCSNet in the experimental phase. The accuracy
of the crop classification was significantly improved, compared with the traditional only on the high-resolution imagery. The
comparative experiments showed that the MCSNet shared the outstanding performance, with the mean intersection over union
(mloU) of 77.75% and an overall accuracy (OA) of 89.56%, indicating the highest levels. Furthermore, the ConvLSTM and the
residual double attention in the network enhanced the modeling capability of the spatiotemporal features, thus increasing mloU
and OA by 3.84 percentage point and 4.24 percentage point, respectively. The MCSNet model was applied to the large-scale
and complex study area of Xuyi County, Huaian City, Jiangsu Province, China. According to the pixel- and object-oriented
classification, like Bi-LSTM (bidirectional long short-term memory), MCSNet exhibited significant advantages in both
mapping and classification accuracy. Specifically, the MCSNet achieved an OA of 89%, a Kappa coefficient of 0.85, a mean
weighted F1 score (mF1) of 0.89, and an mloU of 0.78, thus outperforming the comparative data across all metrics. Therefore,
there were the effectiveness and practicality of the MCSNet for the classification tasks in the large-scale and complex planting
structure regions. In summary, the MCSNet can offer a viable technical pathway for multi-source data processing by integrating
high-resolution imagery and time-series NDVI data. The dual-encoder structure (ConvLSTM) and residual double attention
module (MCSNet) were introduced to effectively enhance the crop classification accuracy and stability in the complex planting
structure regions. This finding can also provide a strong theoretical and technical solution to the multi-source remote sensing
data fusion for crop production and structure optimization in sustainable agriculture.

Keywords: crop; classification; high-resolution remote sensing; time-series NDVI; semantic segmentation; deep learning
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