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SE KA AR VR R R T AR R, LA DY
MODIS i B A 5 i [ AE R 3R, AR
R BAAE YR R e, [ Py oh— LU e e e 3
T MODIS NDVI/EVI I [8] J7 51 088 A= s A R B A2 &
WIS 50 AT AR AR B BRI h B R R B,
1 Liu U0 FHBE ML #L 777 (Random Forest, RF) 12
BUbr T2 H £ R R EMEK, 455 BRHET MODIS
I 18] 5 51 B4 SR 38 NP bR 7E RS T K 1R 51
HEA . R, BHTARIRSA AR RS TR
AERB, TV PRUER 8] 7 550 gk, 30
W PG S H0RT e DL SE IR I, SR PR (S 2R R
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o 2 A G R R RN 2 e v (7 1RV &, B T i 20 A
T 4T A BEAE K P X R IR B R B T BT
FU Zhong SR BUE MR AR R BERE_E, R4
BB (MODIS #:P% 6, 1628~1 652 nm) HIIIA®] L&
FZIREREMERA B SIS T ok
et o ORI LXK, R SR AR T YRR AL AN R
WAL AN BOG T R B A TR IR A RE ST, 45 RRPEIN
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RapidEye TREMIZLAPESS, PIFMEDI SRR IR B
$7T 7.4%: HZ I Landsat-8 OLT F 4% 1T LLIR M A Gk
AU R AT AN BT 7 AR PR ) RS B R (KA AL« Yin 2
K RF SE U b [ =P JFO X R R K AR
3 FPARAEYD, FEEEH Sentinel-2 U AT I 2T 4 b B AT LAAR
B X 73 R AN R OK . AR 3 SR TR0 T 20000
B SRS SR 2T A B e SO TR S, e n] LA B
TERREA FOAR E AR A B IR AR ), da Silva 251713
T Google Earth Engine - & K FH I [A) F7 51 22 D' i B AF 1%
FR) A A O AR A 8 5 LT P DA S 300 28 1 b 7 35 3 X P
KGR T A i . B A B 2SS N Z A GE-1
WFV £l A= B 3 — 45450 (Normalized Difference
Vegetation Index, NDVD)  JH—4k7K5-#64 (Normalized
Difference Water Index, NDWI) H1%% 2250 FEAE M FE 2L
(Wide Dynamic Range Vegetation Index, WDRVI) 7E K&
AFE KR HIH R, H RE BRI TS R &
LRI e RALSR T7 %o Ak, & iAL42E 18 (Synthetic
Aperture Radar, SAR) i K H A HORMN = )2 7 i R
PAJC AR AR AR R T 4552 G S g
SAR P A FA T X AN RVE R B S S
Ajadi LT 228 5 Sentinel-1 £ (1) VH BRALRZH
SREL T TP AN AE 2= A B K S R RIS R 2 [] 7 A
RECAHANDZETTRE TR G X RE RS2 U
KWL, AHHATHIW 7L 2 R ENUA AR . AR 4
A R R S A B e iy B ORI ™ X, 3 2 56 [
B BT AR A DA R Hp [ R B b X O 420 stk LUK P R
R PR 5 2R i b A T B K 7 X
I ZRAE A E. (2020 FHERMSIFELE) 1%L
IR 2019 B IR T AMETIRCN 63.624 75 hm',
R T REILE AN FIRX, AEaE 3. ZHX
RARMZA, ZEGE, REFOWBRE, EPR

115°22'50"E 117°17'55"E 119°13'0"E

PREETZE, g5 HOE RN R T EORERAR . Rk, dEd)
TERZE —BE G X R EBRN T &
& (1) PR R AR 2 B R R R SR R AR M R [X )
Senfi. HAET, BIFJTZH MODIS. Landsat fil GF-1WFV
AR E aHE, BRI, TIERREE T HER
F B R IRYE . AW TSR H TAE C 4R Sentinel-2 %1
Pl & FhAE 25 0 52 2 th X K 2 B L, HOR G 45 9%
AR T RE R, Kk, B E TR S B ERR
W FAFAERIA R, AR SCEET REZ A IERFH R
GEETERI) 11 Sentinel-2 5245, 7 H W) & ZdE 1T N
MR RSN, BT ReliefF RRER E PRAL ik 4E &
FpLAR 22 ) 7 iEAE e AL B DOR 2 i B R B, DAER
RV —E G H IR G X SR IU 1%

1 HREXEHIE

1.1 HREXER

TRPRHEAL T 22848 A6 (33°27'~33°47'N, 115°53'~
116°33'E) , & [ sy i X S 1K= 377, oK
SRR T 7.2 7 hm?, AR e B AT
B — EARFEE L. ZE MM DCPECN . P
N 29.5 m, JEBREA FIREFERSE, FTFHRIE
15.1 °C, S PN & 851.6 mm /247, Pi4EF¥)H IR
BN 20157 h, EEKRE. BXK. @R 42, ZHA
W2 2 R E R AR o VT ) — 2R SR IR T R B 1%
B, R R 2 I AN R I E R AR S . iR
TPAAEHL X DLK G A FOR S EE R N, KE A R
r oK, TR IAT DL R R OR R (4 e e . Ak
BT T IR AL 38 i 1 Ll AN e 2 AN S 7R A 2 AT B A A
REFFRIX (B 1) o ZHbIX K EE s TE 6 AW N E &R,
8 AR 4: 3%, FET44F M 9 HARE 10 ARINGK (1
&< % %4 M http:/data.cma.cn/) o
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Note: 1-6 represent the labels of the samples.
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Fig.1 Geographical location of the study area and spatial distribution of verification samples

1.2 HiEIRE
1.2.1 Sentinel-2 #3E

Sentinel-2 &% it A% T2 B, #H 2A f1 2B
WUHFEI LR, HEE PR TIA 10 m, XUE P HE
NI AT A5 5 R BAGE R A 5 d, BRI T SRBUE I oS B AR

BB Fae RIS £ F 0 H R gy . e — &
Z itk %1% 4% (Multiple Spectral Instrument, MSI) , H
H 136 B, Bl Wt ir 20 Ak 205 ik 21 40 i
JEH (443~2190 nm) ¥, AP R AR . FRL
BN . BEAl, Sentinel-2 BHEML T E & B TAER K,
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FeME——MELATEE N E 3 D TAERB R TR K
. NRVEVIRS A B30 A FEERL . ASCEE ESA
Copernicus Open Access Hub Chttp://scihub.coperni cus.eu/)
THECT 2019 4F 8 18 H CREA IR 1 Sentinel-2B
LIC ZHHE AT J5 22 K SR X S IR 7 o

1.2.2 UAV B1%&

WHFEIX AT T 6 DR/ 1 kmx ] km BIRETT (& 1)
RAVTALG I T TR BRI R TR X FE R . 7 I
BT E FRATRE 50 An H N EE BN T &t
JEATRE/N,  HBESE XN 2 1) e o ARG BN, 6T B
— @ AREE M . A CF|H DI Phantom4 Pro & AL, T 2019
B9 A 7—9 HIEZREC T 6 MFET AR . AN
FERE T M 840, HRUEEK 2 000 S 1 HEN
CMOS MHHLKIRI RGB HE AL . T AN AT IR K
SR, RATRTEII N 200 m, fLE 1SS A B S R 15
N 80%, FLAGXS ML 7 HHR LN 6 em. #EAL, N T
W PR IR e AHLEE AR B S s b B e ARG B, A
FEJTERATBE 7 HER R 4 MEHE AL FFHRA RTK
CHEI 170D 0B BB F5S R S B A R
1.2.3 @miAEHsE

NS5y HEARAETT 2R T e SR LR A 1 7 )
A&, RN GBI ER, [FDH R 7 s T
. JHA I KA FHF GPS (Trimble Geo7X, USA) I &AL
RN 228 B AL bR A0 SRR R R A 2R 2 . ki 2
JLIREUHI TR S A 212 A, HhRE, Bk @, #it
AHABFERE IFEA SAE 8 914 794 13, 5 F1 24
2 ARAZE

ARICE Xt Sentinel-2 TR FEH UAV EURHEAT
AETE . DA A0 15 B 1 8 S )RR BE A B
T 2P e S e SRR O R U 0 B AR AR A AT XA, RS
BF 6 HOIA] A #% M9 32 ReliefF-RF « ReliefF-BPNN .
ReliefF-SVM 415 R i 146 H xof K G 1Rl e A Ay
fiE, R FRE FERE 7P Al 3 MR AE K G 1
R, W€ AU
2.1 HIEmALE

Sentinel-2 % #5 #& 48 i 4\ I o€ b5 A IE SRR IE 1)
Level-1C 2% KT (Top of Atmosphere, TOA) M < 5
Erime B, R X AT KA IE, 33K
SJEES (Bottom of Atmosphere, BOA) HI K. 1%
HRARIEME D) ESA $24E [ Sen2cor Chitp://step.esa.
int/main/third-party-plugins-2/sen2cor/) K5¢ K. A KA
AR 10 m 1 4 DPEBAT 20 m ) 6 MBI
RGP XEEE (R 1) o NIRIES i B 8] 2 Hr 2 1 —
1, 7E Sentinel Application Platform (SNAP) “*F-& F,
A5 FH XA A AR 70 HE 3R 0 20 m BB R AE 2 10 m
FF4ar i 9 ENVI SCRFEY img A7-ft& . )i, FIH ENVI
5.3 BT B A BOFR IR B 2 UK AT UL F 0T B
BATEET, DISRIUE 55 56 B I X AR .

XFFRANUSRAF NI AR, 15 560 Hd 47 o
ERAE, S5RRE RN ZERRR . Kk R

%5 N\ Context Capture Center (version 4.4.9) H1 H 21 58 i
SEARULHC S 2 = A0 B A AN ) = g I ASE 28 g 2 3 17
HEREEER R . ATRIEEUR R REARGE, TEIFAK
AR, AREEET AR A R = AERE A, R AR
TSR 7 1E 545215 (Digital Orthophoto Map, DOM) .
), 1#H Global Mapper 14 X} DOM §4143E TH2

%1 SCHFTRAE Sentinel-2 B 10 AR B
Table 1 Description of the 10 spectral bands of Sentinel-2
employed in this study

?fx"éﬁéﬁ%‘ W LRRIYES jlﬁﬂﬁ:\%#i
and Band name Central SpaFlal
number wavelength/nm resolution/m

B2 W 490 10

B3 SRIBL 560 10

B4 AR 223 665 10

B3 LR 1 705 20

B6 LI 2 740 20

B7 ZLIAPE 3 783 20

B8 IELLANEE B 842 10

BSa (eLiipliea/) 865 20

Bl1 [oRTARL NI 1610 20

B12 LM AN ) 2190 20

2.2 FER{EYIHEEE B FIRR
F:T Sentinel-2 #2158, A SCKH 73 /2B R IEIKEE,
e B A — i 30 48 . ( Normalized Difference
Building Index, NDBI) P B3t iy 19— fh /K 44 35 %t
(Modified Normalized Difference Water Index, MNDWI) *!
LI 21 413 B e S5 28 ) g ke SR s e 0 D) 1 B N T 3
Yy Cangds. B . KRS BRI IERAEY
G3AE IX 38
NDBI=(R,,—Rg)/(Ry1+Rs) (D
MNDWI=(Rs—R,,)/(Rs+R1,) 2)
N Ryy R Il Ry, A ARG EL (B3)  ITZAME
(B8) MBI AN (B1D) (GG, N T
WaBRAE BV S, ASCHEBY 2017 4 FROM-GLC10 4=
BRA- R 77 529 Chttp://data.ess.tsinghua.edu.cn/) 2t
FI#kh A R YRS 10, EEFE 10 m) EAHRE
WE B S A, DASdE— 2D 07 B &5 S rh R BEAF £ 3B
SrAERAER TG e R T AR IR SO, A A IX R
BOEAT HE TR AL FEAS 2R FAE A I S AR AT, FRAT 5 4L
FR R AR X 2
2.3 KREERAZIEEAHEE
2.3.1 MBEFIFHik
RF SETEIE I EISTURN ) 2, HieRE /)58,
IBEELTR, e S, HAeE S mE .
KB, EHEIEOLT RF FAUHRERE 2 MBS
o FFHERNSH A EES NHRE R, %1
I, A ERFFERON R B R 2 3 R RS 2 5
SRR S BRI % E A 100,
BP #1444 (Back-Propagation Neural Network,
BPNN) H A 558 (1) = 26 11 Wi 5 58 7 A1 R 4 1 0 2% 25
P, AT AR G A e B S 37 S P AR 2R ik AR ) Y, 7
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Al AT, BPNN #)i2 F T 8 5 7 AN A 3
WS e B IEBA R . NSRRI IR S U
R, 82 RRBAR T, ASCRH #EEE JE BPNN, 154K
BB Y 1000, 2] FRBEN 0.02, YIZEHRRED
%N 0.001,

Y HFAENL (Support Vector Machine, SVM) [f%
A JoR B S A A A R A 2 R P, DA SEIL N ZR A A
. DA BT B 42 170 2 4% 2R 41 (Radial Basis Function,
RBF) H3& A F XA AR FZEA R EDP . Rk, At
Fk$E RBF AE 470 FA5 R vh (4% oR HOR 52 UK A
X o %A% e EL) Gamma BT H TR 5248 8 BOEOR) (515
SFRBMEBN 0, HABZEALRSFEIA .
2.3.20 MRABERE

A 438 5 B SR B BSR4 Dy dia E ) Y 1
SR HIRFAE, SR I SE ) B R IR PR AR BON TR
TRNB AR, A SCHE I — Ly R R AR i
MBI S 5 R EME XG5 & D R RHE
RGP IR . FET Sentinel-2 5445, EH T HE
9 MEMARE (R 2) MRS 10 MBS RAE N 13
19 AMBERHE R 7R AT R G RE A, I HAE BEIER
ORI RFEREAT A0 o AR SOHE I LA AR R AN SR 4R
B—ilg, SRMA “HHE” .

F 2 ARXETERBIEBAEHIEE
Table 2 Vegetation indices employed in this paper

LIEE R0 HHEAR SR
Vegetation index Expression formula Reference
SR A Bl i 4 EVI=2.5(R, ~R)/ [30]
Enhanced Vegetation Index (EVI) (Ry +6R, —7.5R, +1)
Soil Afgﬁ;ﬁvm%iﬁﬁl d SAVILAR, - R)/ [31]
oil Adjusted Vegetation Index
AYD (R, +R, +0.5)
MERIS Fifi £ 2K 1540
MERIS Terrestrial Chlorophyll Index MTCI=(R, - R,)/(R; - R,) (32]
(MTCI)
FABVIRDAZE{E REP=705+350.R, +R,) K]/ 33]
Red-Edge Position (REP) (R,—R.)
A — 1R AE i AL
Normalized Difference Vegetation ~ NDVI=(R, —R,)/(R;+R,) [34]
Index (NDVI)
LLA— AR 1 (R -
Red-cdge NDVI | (NDVIrel) DV B&-RIR R [35]
LU A — A TR R 2 _
Red-edge NDVI 2 (NDVIre2) NDVIre2~(R,~R)/(R, +R) [33]
GO — R
Green Normalized Difference GNDVI=(R; —R,) (R; + Ry) (35]

Vegetation Index (GNDVI)
R ot L WDRVI=(0.2R, - R,)/
Wide Dynamic Range Vegetation (02R +R,) [36]
Index (WDRVI) s

E: RN a WBHIRINE, a=2~8,

Note: R, represents the reflectance of band a, a = 2-8.

2.3.3 4FEREEZMIE

ReliefF 5y HIA% O JBAR A2 8 T 2R 22 18] R I 4%
V) B %o B R A1 R 7 13047 70 R o R VP o B ARRAESE 4
) RN REAE A8 7 3 AR A R R BE B K TR R AR,
B L RRAE A R F 2038, MOgn AR ez MBI
B E n TS RSB A RIE R R 2%
U o /N N

1 1
a)(Ai):a)(Ai)_EZ”Ri _hi|+% Z |Ri _hi| (3

heH meM

Kb o()FTHEE { OREA Y[R — ) o kAN

heH

IEARREA 5 R FEATERHIT FIOBE B2 A, 3 |R —h| foi

kAR ITAEARSHEAR R AERHIE i FRBEE 2 A,
AVFETRBEEMEE, A 4 MEEDEEY R
T FoK mRL HAD FEEUE 2 000 MFEARHETRHIE
BUBME DT B T2 EERE A AL T R 5 B0 E VR
g R EA — A e, AT 20 RIsH 45 1101
PEAE R EARIE I e A AR
2.3.4 ARIAEA T e94HAET R
TERFAEBLE VR4l A S A b, IR 52 1) e A 4
e SRR Ak 1) OB . 46 T SE T XHERIEAL FE 1)
BB 2 JTIEAEAE SR BN E A, AR — R 3
P AHAR B IO UFE | [r) e B 08 TV R TTIEE e BGE
R RFE R TR N A0 2848, 120148 0 RAE L,
B i WRRE R AN A vy B A AR BN R — ML
HIBSARIRFAE, S0 2NN AR 4L & BOHT R 5 N 2L
i, FHTF SR RS A 53 2K B (Overall Accuracy, OA)
FERISIN—ANFEAEHPAT R FEVEAL, BB 19 MRFAE 45T
HINTERE . BEARHEM OA BUERER, SRR IZFFE,
R L DL R AR SR A I B OA 58 - B FE BN LA 52 )
FOEIBEALE, ASCHL 50 ¥k OA [I3SMEE N IE 521
Rk as 8, BJa A A o R 28 25 B ALIE B IR & AF
R R A2 () S N B SR SR BOR SRR X o AR SCHE T
MATLAB 2018 SEIURFIER Bk .
2.4 mEERBHE
FETHRXA 6 METT BTG AN GRS 2R
G AR VS A R B SRR . TR TR R
N [E) FF AR 5 204 [F)OK &2 I B AE A 22 5, o Hh Bk
SN, AR TR E B PR 14 i i Ad B
Ja FITE NHLAZ B R R M ai G5 B, nT LB
5 Mt Mok AT H AL AR BRI SR T @ i br . DRI, A
£ ArcGIS 10.4 A G ISCRE T, FETHHEE BRIB AL
AR 2 S K G M s i 5L, R A7
NREEZE, AR N B RA I8 A R A () 52 BUSUR
i Bt [ PSR E I8 A B VR VA HRE AT LU AN (R
LAY IR 43 25 AT RE FEVEAY o HH 2R B UR 2B HE R VP
TRbr EEARE 4 A, BIRIBEEE. HPARSEE. SR
1 Kappa &%(. S5HAh 3 AN48FRM L, Kappa REER
Y BT A R VEAS S 0 IR 20 Al s Il 4t 1) — e Dy 4
I AU o VR TR, HAT S A S P,

m

m
Nzxii - ZXH "Xy
i=1

im1

N? _ZXH "Xy
i=1

Xt N RRGICEE, m BIONEL x,; ZIREFEFER A

2 EWBICANEL, x M xRS § AT AN @ AR T

B

Kappa= (4>
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2.5 SIERBRERRITM

AT P BB KRG BRI, A
BT 3 MORERBUTE. TR A PR
Sentinel-2 JR4H 10 DMEBURM R 7% B & REMES
CIEFFIIAEE 19 DMRFAIE; J5 % C N b1 B P iks
Mo AR AT S N, SR A DL AR P
L RLES 5 ST S, S T A T A R A AU IR A A,
PR 3 RO RAS A MR, IRt AR AR AR
ST R, AT AR SRR

3 HRE55th

3.1 FEREMETRIGIRR

i8I 2 YOnt EEAR S & I, MNDWI $6 45 _E #4505 /K ik
2R RE, RGBS E. FERER
&, WX IR ZITER A G R B EFESMm, H
Wefe % (i NDVI 8¢ EVI 25) B4 T ZKF, fijf
I FH AR Bl F8 B0 UK L 5 R AE AT X 4 o A AFE T
LT AN B B8 (LK 842 nm) FURAEY B AT ] 52 57,

DS AP R 2 2 i A Ay Sl A B o LA ) R SR B 2 AN
Wt 2 B o
B |NDBI> 0 24|

| At | | Bs=03ss |

% &
[ ID=10 || #snA |
% B

|mmﬁm||#mmﬁw|

VE: NDBI A {2 5% MNDWI ASGER 0 —tb ki85, 1D A2k

.
Note: NDBI is normalized difference building index; MNDWI is modified
normalized difference water index; ID is type number.

B2 A AL
Fig.2 Filtering rules of decision tree
3.2 AEIERMRERHETFE
BT A BRARRAEYZITHT Sentienl-2 #2148, KM

ReliefF BVETEAL 1 19 AN G RHAE R 78 K SR 1 () =
9 (B 3) . B8 BUER A, RHITAINEEBXN K E 5
B TR ¥ 55 K . REP. NDVIre2 & 2L B S 54 1
FIFSAER F; B5. B6 #2 Sentinel-2 ) 2 MNLiAR B 5
2, WFRHERE P SRR E, X5 20 B G
FROE R 7 M LSRR, ROWREE LA B TR
GREECGRA B EER N A, Eas R B12
AT B1L X 52BlK G5 FHoAth HH R AEL B 2 [R] 1) 20 B 1)
A2 SAVI F EVI AH b HoAth 5 FAE B F8 B0E G F) T L if
FEIX KGR

0.201

HHE AL Fature weight

P > & A 2 S<° 4@\@\\ PP &o
® FEAE !k iy

Feature variable

4\4\@ PO >V
<> £ VP
Q éo

B3 BARRAFAEG T 2B AT
Fig.3 Ranking of the importance of each candidate feature

HRJ BT SC AT IR 1 110 348 o AAE AR B 1 f5e 4 B 4 s
%, MERMEZERIZD N, ANFERR 5080 B
Kl 4 fn. B 4a 85 R B8 GRENEOE R 9 B, 43286
BB R A, BEE SRR, KBRS A T R
HAE—AMNEEARS; 24 19 MHEHEF 2855035
I, 4325 R B R E, (HAELRT 10 AMNERERT 34 FE
B 0.31 NE A, B e RIS 9 47 LS B4
fE; BeAh, HEESS 6 7 (SAVD FI%E 8 fi7 (B11) HI4%
TEEIMN G R RIRTH 2 NG, FFETLUER. &&
ReliefF-RF A5 B 1 4 AEBLE HER A1 9 47 1 7 ANREAE K]
TAENZAT LR FFAE T4 . [AEE, ReliefF-BPNN 1
RTERHEANBOL S 9 B, REEABIRAE (B 4b) , &
FHAAES 760 (EVD A 8 A7 (B11) XM HIHFAE PA A
59 MG 11 AMEFE, 2R AR L4 N 7,
ReliefF-SVM 5 8 [1) EARRHAE R T AN 0N 5 (Bl 40) .
F 3BT 3P R AR R AR S R

100 1001 100
X X X
S ost S s
) g os| g ost
2 g =5 = 3
#r © r o © -_E <
S e w8 =}
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Fig.4 Relationship between classification accuracy and feature dimension of the three models
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x3 FEBEEMMEFETE
Table 3 Optimum feature-subsets of different models
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ReliefF-RF BS, NDVIre2, BI2, REP, B6, EVI, B3 FELEFETT 24 3+ 5. 6 KT ReliefF-RF, TfEFEH 1
ReliefF-BPNN B8, NDVIre2, BI2, REP, B6, SAVI, B3 B FORS L ReliefF-RF & 0.06 N 20 05, {HH] EURS
ReliefF-SVM BS. NDVIre2, BI2, REP, B6 B SAET ReliefF-RF, X5 W% R RS 1 k5T
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Table 4 Extraction accuracy of soybean planting areas

HIT9 5 ReliefF-RF ReliefF-BPNN ReliefF-SVM A B
Sample
No. PA/% UA/% OA/% Kappa PA/% UA/%  OA/%  Kappa  PA/% UA/%  OA/% Kappa Kappa Kappa
1 86.63 84.46 90.20 0.78 91.64 78.56 88.84 0.76 81.32 84.52 88.77 0.75 0.71 0.79
2 86.15 84.60 85.92 0.72 88.40 80.79 84.45 0.69 85.65 84.23 85.51 0.71 0.69 0.73
3 81.84 87.24 89.50 0.76 85.16 77.95 86.44 0.71 79.63 81.96 86.80 0.71 0.72 0.78
4 92.58 90.78 88.25 0.72 90.48 90.93 87.05 0.69 92.76 90.05 87.79 0.70 0.68 0.74
5 89.59 87.52 88.49 0.77 92.35 84.07 87.51 0.75 87.28 87.09 87.26 0.75 0.73 0.78
6 89.70 85.29 9191 0.81 92.77 79.79 90.36 0.79 85.67 84.73 90.66 0.78 0.75 0.81

: PA. UA. OA Jp iRl IS RE . FH P ORGEEAL SRR A BARERITR A M B, J7 % A BTAMIRFLR Sentinel-2 JF4H 10 MEE T2 THE B G
ARG RHAEE TR 4 19 ANMRFE.

Note: PA, UA, OA represent the producer’s accuracy, user’s accuracy and overall accuracy, respectively; A, B represent the scheme A and B, the features employed in
scheme A were reflectance of original 10 bands of Sentinel-2; scheme B contained all 19 features without feature selection.
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Fig.5 Spatial distribution of soybean planting areas extracted by using three models
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Fig.6 Extraction results of soybean planting areas extracted by using three models in the six samples
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Extraction of soybean planting areas combining Sentinel-2 images and
optimized feature model

Zhang Dongyan®, Yang Yuying', Huang Linsheng?, Yang Qi*, Liang Dong®, She Bao'**, Hong Qi', Jiang Fei®
(1. National Engineering Research Center for Agro-Ecological Big Data Analysis & Application, Anhui University, Hefei 230601, China;
2. School of Geomatics, Anhui University of Science & Technology, Huainan 232001, China; 3. School of Information Engineering, Suzhou
University, Suzhou 234000, China)

Abstract: Accurate mapping of the soybean planting area is greatly significant to yield estimation, crop-damage warning, and
structural adjustments in modern agriculture. But there are only a few reports on the remote sensing technology in soybean
identification, particularly in view of the high frequency of cloud cover, diverse types of summer crops, and complex planting
structure of fields. In this study, taking Longshan and Qingtuan towns situated in typical soybean producing areas in North
Anbhui plain as the study area, a hierarchical extraction was proposed to obtain the spatial distribution of soybean planting area
in the 2019 growing season. The Sentinel-2 image was acquired at the early pod-setting stage of soybean (August 18, 2019). A
series of filtering rules for decision trees were first established to eliminate non-agricultural cover types, such as water, sparse
trees, bare soil, and artificial objects (buildings, roads). As such, the overall distribution of field vegetation was obtained. The
Sentinel-2 image was then utilized to generate 19 candidate features containing the reflectance of 10 spectral bands with a
resolution of less than or equal to 20 m and 9 vegetation indices. ReliefF algorithm was used to evaluate the significance of
each candidate feature in typical ground-feature samples. The ReliefF algorithm was combined with three machine learning,
including Random Forest (RF), BP Neural Network (BPNN), and Support Vector Machine (SVM). Three models were
established, including ReliefF-RF, ReliefF-BPNN, and ReliefF-SVM. The most effective features were screened out for the
soybean identification, thereby evaluating the performance of three models in soybean mapping. The UAV images covering
six ground samples (each was 1 kmx1 km in size) were selected to evaluate the extraction. Results showed that the best
performance was achieved in the ReliefF-RF model with the Kappa coefficient ranging from 0.72-0.81, and the overall
accuracy of 85.92%-91.91%. The Kappa coefficient of the present model was higher than that of another two models in each
ground sample, where 0.69-0.79 and 0.70-0.78 for ReliefF-BPNN and ReliefF-SVM, respectively. The ReliefF-RF was used to
single out the near-infrared B8 (842 nm), red-edge normalized difference vegetation index (NDVIre2) that derived from B8
and B6, short-wave infrared B12 (2190 nm), red-edge position (REP), red-edge B6 (740 nm), green B3 (560 nm), and
enhanced vegetation index (EVI). It indicated that these seven optimum features were more advantageous than other
commonly-used spectral bands and remote-sensing vegetation indices in soybean identification, where the red edge-related
variables were particularly highlighted. In addition, the mapping data derived from the optimum features significantly
outperformed that generated from the 10 spectral bands. Since the performance of the optimum feature subset was slightly
inferior to total 19 features, ReliefF-RF that contained only seven optimum features showed obvious advantages in terms of
time and computation cost, as well as data volume. Consequently, the optimum features were more targeted without any
inference from the proportion of non-agricultural land cover types, due mainly to the hierarchical extraction focused only on
the field vegetation. Better applicability and generalization were gained in theory. The findings can provide a valuable
reference for the extraction of soybean areas under complex planting conditions.

Keywords: machine learning; models; soybean; Sentinel-2; planting area extraction; feature optimization



