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1. EEAREE T 2 M2 M B 24 0%, HEpk 541004;
2. HhEPBLEBE S KI5 S AU B FUr Bk 8 5 50865, dbat 100101

W OE: ARV T I 2 A TR 2R SRR A B RAE R R Ok, ORI RV E B EAS (R A -
itk 22 SN TR EY 2SR AT 432 . i3 Google Earth Engine - &5 3R IEY) 4= & P9 4358 Landsat 8 #21%, FI FHH:
Jo i PV B 58 LTI X T = I A R Xtk Ay b bR g at, SR B B 2 3 1) 45 e B I ik S5 S4) (1 44 R AR P A i
KEATHES ], RS . B A AR AR EE S M B G B G 3R o TR A b AR T A O 0 4 UM 45 ) 4% CNN
(Convolutional Neural Network ) 454 58 UG FFAE T HY 4828, NI S8 BT MR B9 73285 o A8 CNN SR RN B 1.
FHOEFITIE SCIREIITT K, 0] 58 OB IBUCRAAE I S48 o 2] i B DU R AT 3 26 o P i 43 S 2R 5 HAb R o o T
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Zhang Q K, Meng J H and Ren C. 2022. Crop classification based on two—dimensional representation and CNN
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3 Ao A Ml 3 JR 00 R A R 8 K B VA ff b AR
WA W oA T RR R B 28 3 A AR R, Rkl 2 8 A
HOMEL AR BRRE e AR
B CFERME, 2016) . ARAEWII 25 23 A 2 A0l
Areid ARG, WEREEREY A KR,
fg A AR 7, T At A b 8 S0 H Y B
i (BRAbFr 55, 2016) . Ao id ik 8 8T Bo £ 4
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AL Z — (Onojeghuo %5, 2018) . #EEGHIAYA
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2019) o W o3 2SR AR AE W i SR Y Tk
WH T A 2 05 19 2 bR 28 A By AT R T R I 24y
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DA B 0% FU0 R bR 12 HA R BRI R JT  (Seal 55,

im HEA: 2019-12-18; FEDZAR: 2020-05-19

2020) . AR X GIE T N AT AT LAy R iE
BOTIr M M X4 5326 (Rahman Hl Saha, 2008;
Blaschke, 2010). T [FXF 45328 % H T H4BiT 4
JCHIT AL B B AR R o 5500, BRI BEXT AN
AR AR TT B YE 38 AT DU A 42 e M R ' T
TIEZe 3 A8 18 LA KSR 3P 19 25 AR AF (Zhang 55
2017), AT LASE RAE GE AR TTHEA TR D) 43 JHE B 34
fIK. R85 R B R MER ER SR, 1E ) i K
3 25 55 HAth 110 21 0 1) b 4 8 J 4y 28 1Y) 2 L IX ) A
TAFARVEY AR I 4 A AR Y ERRE (Cai
4, 2018), HOGREAF A4 5 B AL,
I HAE X R —Fp A 09 AR K kB A A X R
E (ot 48, 2019) . ORI IS R
A A A A A B T R ) D B AR 22 15 A 1) 3
TSGR AR AR BIRE ST (Sun %, 2019).
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F+ 45, 2015) . K Z W ARSZ AR AU AU Bty
KNG EARTI AT S 5 0 KRR RS 29 58 .
X R FEAAUALIE S iR B PR AR A B, R
W 9T 8 A7 B8 2 B R OR A TS AT AR 4 AR (Su 5,
2018) o JrZEFRAE BRI AHRIALRE A 2%,
ZALRE ST R, M HARMES 2 gl iRk
RMET, PRI BE R 23 BE AR (Cavallaro 5%
2015) o SR X ALMEAGFFAERE R . FPAR PR T
HAEBZMESE I E (Zhang %, 2012, 2017;
Valero 55, 2016), {HAESZEkT, ZHRBGRHS
WIS . F TR RHE TRAO8 T
N2 5 MU, BT AR 1Y o 305 5
BN T TR X 45 28 A58 . AR
ME ] I 25 B AN . RN e . AU
PEFDGC B FLH 5 2 24 &R (Zhong 55, 2019) .
S SRS AR O A B2 B 5 1 i I =X PR
il 1Ak BEAN [ R A R 1
P22 ) 28 B A I AT 2 AR e M eR AR BE

T8 o ] B B H AR 2P B R AT 2 TR R AR 27 )
(LeCun?§, 2015). ZRHLAHLE W28 FR N 2 2N
#% MLPs (MultiLayer Perceptrons), T AN T4
JE B TR ) A, MLPs 32 AR — 1> M A 7% 2 )
i th AR i A MU BB (Hinton 5, 2012) . X Fhid
FHBE X T W B o AR 55 A B, — 5 2
Al 22 10 46 0 i A\ BSCHE R SR R B g M R LA
RS A SR, H 2 n] DUFE SRR (B A 7R 115 0 T
SCRRAE SRR o 55— T, A2 0 250k SRR
AR, B o5 LML C R,
SCHR WS R B P AT B SCAEL I H 1 i A R
o XEWEZ R A, 7 LR EAL SR
B ARRAE, b Z U S At B SR . B
W 2% CNN (Convolutional Neural Network ) i i #
MBI, e —KBRZLRZERENNS
B, FGE A B AR IR R UR AL B OC RIE T
—E8)7 (LeCun§, 2015). HAUE (BFZ)
G IO B SR R LR P2 el (5| N B U 2/ 3
KRS S EO B, ek 1 U112 MIPs B 52 I 2K
FIVRE BE R X R HOR [R]8E (Shin 48, 2016) . CNNAE
T T T R 2 05 TR LAY (Wang 55
2017; Shao %%, 2018). FIHIERHLIEE & HES: [
St % 1 280 ) A 4 B RP IE 278 BB ) — 7 THD B A1
Bl i 2=k, 55 — 5 T 4R TH B R AE A R
(Zabalza %%, 2016; Han%, 2016; Lu%, 2018),

T2 T R OGS R AR BB LA KR IR AR B
el @M iE oy B &2 (Wei 55,
2018) . MEEZTRINEE L5 (Anwer 55, 2018) ., #F
T BRI A S (Zhang 55, 2018) 47 )7 20k
TAELe MWL (1 52 B B R AR T2 AR 10 70 SR L
X I A 4 ) 2 25 114 7 R SR BE IR BE O 2
e 3 M 5, B[R] I H R B 2 AR A R 1)1 24
Ho Py S B A5 B AZ BR . (Long %, 20155
Audebert 5%, 2017) RAEEFMZRM (FCN) 45
I AR AF AR ) YRS AL 7 A 5 AR TR R 1Y
ok it o (B By 2R, S SR AT #R
KZ, B (Bittner %, 2017; GuoZ:, 2018)
) FH 2% 4 Bfi#IL 3% CRF  (Conditional Random Field)
8O A BRAN AR X G50 B, B R) R A 15 3 58 4
fittke, 534, CNNG ] T 28 [ FDG i 4k, (H
TERE W T o LT AN SN ) 48 2

P C A MRS BAE R R A RS 5 1 R
FZ v 32 20 1k 18 SN 0 e ta 3 . b H B
PRAE @ o i s — R b PR R Ty fE . HAE
[l — AR Hoe BB A, St 8.
AR EAE B, BA K REE (ERTK,
2018). 1R HARRY 5 AT R KHATHR , Hidk
WLME R X R 2 50028, M TR 5o
AR Y I BEXT 5, A 2 R (B
JRITAE, 20165 ERfITRAISAEAE, 2019). KR T H
SRR 1Y o 2, e DIAR Ik TR AR
T 250 2 55325 . BB 0 I AR T i 28
P 28 3 4 BV FE B AR 3A AT LU S0 4 el p 25
IRE I RO i 2RI S Rk
TR FCN (Fully Convolutional Networks) %57
EIFAT B LSRR BB RS — e
WE5E ST ECE /Y R MR D, 55— J7 Tl LAk £ i
B R U b i 2 TR TR MR el
DO 245 (1) 25 46) S 2y VA TR A5 80 KRR A

AR SCER I P 4 S AR 1) 45 e B 3R R G R
PME, b BT i M 3R B S AR AE P RN AR AT
BA YR IE . TR 2 — 4E R AT X B RRAE &
VERIZ R 5 R o 1l M 5 il CNN LY
SE MO OGTE . IR AR EE B A A SRAE, S8 R T
P EERRAE I 5028, AT IR BIXT s ey 4326 . B
Jo R RL 0 73 JE 45 R 5 oAl — SE AL 88 77 ) 2
frEAT TR SR A A 2 i TR A A A 5
AR > 24
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H2ek Kk, SFESIE 7.5 °C—8.2°C, LA 147—
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52 AR FIAE 77 26 PR BRI 56 DX R AR AR R
E, ZN—AF—ARAE . R EAEY AR A
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Fig. 1 Location and area of study area
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(SWIR) B, ik IE G5 KIE J5 /Y 3 3R [ 5 %
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SERE o BRI AR AE bR T et B, FH
TG BT 5 = B, R AN 2040
HORAE S 30 m A3 HEARE . PRAGAE il XA B N
4—10 H 4% Landsat 8 3242 W13 2 TR .

2.3 HIREHAREIE

b HeHOHE i N T8 2 5E U R Ok Ak
K B9 52 Google Earth 17 280, 25 0] 43 R A
1.19 m, Google Earth 521541 & 2 2518 BV & Fcds
A K —SEf A gt , O 25 2 PR DF 4 ELIN 1A
ARG — . B EG, HHAEAES PR,
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A E BN HERR I R (5 2 . RS Google Earth 514
DL K A HER AR GF . Sentinel-2 255 2% A 45
R, % M OB E R T 2017 4R S8 AL .
FEAE M SR T 2019 4F 8 A HhA) A AR BT 5E X i
EAT TR A DA S 228 2 AF 5 oy BERSAR N %
H B R HEATAEIE o FE 5250 DO B ) HE 17 b
T R A N TR AR T 3T T 2184 MEW)
FEA M, oSt A T 1160 M) . 4
BRHBIRAEAAL & T 233 > FOKHIE | 1201~/ HE
P 873 /N ARAEHLHE | 109 it b B . 128 4~
VG AT B . A 2 IFE N B IS M Bk |
40 4T Aif M 98 ANk M B | 297 /> 2 b Bk
DL R 286 M0 ittt . B . BEARAEAMRCE b, Hh
PO KREABAE AN 5] 2 s .

%1 Landsat $iHEKEE
Table 1 Landsat 8 band setting

BT E2EZAN PR FEE/mm 2S5 /m
Bandl Coastal (2 Bt ) 0.43—0.45 30
Band2 Blue (#% B) 0.45—0.51 30
Band3 Green(ZR1% Bt ) 0.53—0.59 30
Band4 Red (£194B%) 0.64—0.67 30
Band5 NIRGEZLAMEBL) 0.85—0.88 30
Band6  SWIR 1(&KLI5M1)  1.57—1.65 30
Band7  SWIR 204ik£14h2)  2.11—2.29 30
Band8 Pan( &)k Bt) 0.52—0.90 15
Band9 Cirrus($5 2B 1.36—1.38 15

Band10 TIRS 1(FALL50 1) 10.60—11.19 100
Bandl1 TIRS 2(#£1512) 11.50—12.51 100

x2 MRAREMETHAZ
Table 2 RS image of crop growth period in the study area

AR H R EI%
2019-04-14 2.69
2019-04-30 22.66
2019-06-01 6.58
2019-06-17 3.39
2019-07-03 0.11
2019-07-19 27.55
2019-08-04 81.03
2019-08-20 66.04
2019-09-05 100
2019-09-21 0.46
2019-10-07 0.43

24 ZIEMEHIE

Landsat 8 52 1% i) 2= #5 B 204 >k U T Landsat 8
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(1 A] LS B2 AR 00 I I i o 0 T 2 U B
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SRR 3 Fran, Hob AL L1—15 KA .
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FEEES A
3 Bk
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FRE R IBB 0 2 B 5, R E AR AT 24
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3.1 MR T HERAE
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A HARIIN 5 o DR O S S 38 m] LAgEAE o X
oy MRS B R AT A o SRAEE HARYIE B
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I52 BRI A P o BATTHE X -y B Ao A A 551 14
Jigs A 4 O — s RO A 2 % i R A 14 i HH R 2 A
MR FAL . FELIHIBON BT A0, 20 T HIH Y
g, AR PR R, A A A
EAEA e . AT LU i — s B B 77 SO0
THERRIERR DLOR B, o a2 S AR AT A i
PRZ I ML —HERAL
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REARPERY 5 T8 o ASTR] A M R 9 FRAEFATT R AR ]
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Fig. 2 Field parcel data and sample distribution
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FETH ST R B I B il — 2
%3 Landsat 8 EREIFE KB LIFE

Table 3 Landsat 8 pixel quality assessment bit index

i 1E ESIIEN ik

0 1 1 i)

1 2 3 T A

2 4 7 7K

3 8 15 =W
4 16 31 £

5 32 63 =

nEEE

00=ANHff 72 /55 A AT
01=A% (& {7 0—33%)
10=r CEA B 33%—66% )
1= CEASIE 66%—100% )
&z B A5 B (OLI Band 93K45)
00="NHf /55 A ANTEAE
01=A% (& {5 0—33%)
10=H (B {5 £ 33%—66%)
=f CEAF B 66%—100% )
VAR

6—7 128 255

8—9 256 1023

10 1024 2047

K4 (a) Fros R 7E T6, T8 I AH 4 = L
i S A DG VRN BRAG (R, X R
T4k cubic fi {EL AR SE MM IR MNE 4 (b) PR
fiE &l

32 CNNBERRBSHIZE

TEAEE CNN (I Z5 It , T & A £
AEPE, DR AT A o 1) ol oA 48 38 S R 45
KR ZEEA G, EXRERTERZE. b
{62 . Dropout Fl 4% £ 2 AL, A, WE MY CNN AL
BRI a S L i a2k 4 s . k1 2.
315 BRI MG RZEEA 8 5 16 1~ ,
Tt Ak 2 B o B R/ R 2 4 KAk . Dropout
B FERAL AR, TRV it R ol — s ph 28
JCRENLIE TG, Bl 1k I R /N 18 B8 B o) 25 ) 1 g
AP 2 S ) PERE . BT RIS 1Y T B
PEE ] 20% . 30% F140% . ARl R SF g 35
TR A e A b A J2 378 2 ke of DA [R) o Ak 3 2 R Ry
fiE. FIH Flatten 2 B A R, RIfE 4
A —4Efk, TN E TR B i 2 W
AR f I S 32 e, Bi—2
A 9OMNMLTT, MR F 43 2AT 55 9 A Z 1 4%
R, ARG T EGE 2 R R DA
Flatten 2 i EAL BT AR E 0. f)a—202eR
FH softmax /R #0E sREL, gl (0, 1)
MR, TXSEl Ay 2 1 Gl BRI .
A5 E YRR R M i PR ReLU (Rectified
Linear Unit), MFRMEIEZM: BAICHE MG pRET

] | [
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i i
: " Apgrs——
> 5 ég
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Fig. 3 Technical route of the study
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Fig. 4 Feature maps of each band composition of multi-temporal RS images

Fz4 CNNEBHESHSEH

Table 4 CNN model components or parameters

CNN 3 {Fe 24 PR S5 TBAE
JZE 1.2
BRI 2.3.5
B
JEE AL 8.16.24
PO PR ReLU
k)2 [GiEENIN 2%2
Dropout R IEMER /% 10.20.30.40
P2 32
1)z
P PR ReLU
P2 16
)R
T PR ReLU
P2 9
)2
s PR Sorfmax
ks Adam —
EiPNER B TIPS —
Eiliy 25.50.75.100
VB2 BFURIE NN 500 2=k 5)
Eiin/e .
1512

TERTY I rad B, Y ZRUCBOAN 2 B 2
4, XINGERTEZHYT, 2FBEEUEH
g, WA 2D AT, X T CNN B BIAUAL (2 >
BRRBUL B2, BP R L MAUE AT REN S T2
PRI, AUE 1IN GRAEAS rh i I 5 AL Th
ANBAREERMERRAAE . I Rt i A
SR BCF Y0 R R BEAT AR RE TR . R E D,
B BE ) A (RIS TR, BB R [ T ) i B
MO, MELUE BICSECR . it oo R, S8

B IEAR IS S8, 3k 2 AH [5] ARG B2 BT #E 452 14 Bisf (1] 33
hne HRYHEUE KRB da i, HAf e T REr
AN, AR Adam AT T I %5
PHEFEATESC (Kingma f1Ba, 2014) $EALSEE
HERINSEL (B,=0.9, B,=0.999, 2] 4 0.001,)
4R PREICR: A SUR 0 2 PR
33 HEBEER

AT R A (TR VE AR B L AORS R
Kappa #80, VAPEAG PRl g 2E s i se ik vk e . 11
B PORGRE | DR B X B — 2R ) o e e . A
PN B 5 TE 0 WS ) DR L8], O s S T IX
BUAGTE o R PORE BE 2ROR 43 S 25 R vh R 2800 Bl T
ARMIMER, BRI 2R AT (5
il LA R 2 7 b T 174 55 28 il g ) 113 TE A 23 2R
BER . EZAPRIEM 43 207 4R . Kappa R %L
K —MEBZTHRITEAR, B TR
W BRI A S BRI — D R A48 b, DT v
MR TAHRARHEEE . I POAEEE L T EDRS B2 48 br ok 2 K
5T BT BE AR AR AR A 8 . Kappa 2 50T A 5
mr.

n

Nixii - z(xi+x+i)

i=1 i=1

N? - ;(x[+x+i)
Kb, n IRERE b 0 SO0, i 2 8L
v IRVEH MDA . S8 ERAEAAN L, W
R IIEF IR 5« Hl e, 2350 09 55 4T A0
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4 KB

MEFRERER

WNGREEAS 3 LR, 2> i DU SR AR o L D
B DT AR S AACRS B2 i 28 i e . 3 FEL ] 509%

4.1

35%, WUESE15%, MAEE 50%. F AL 5 5%
WESEIEAT SRR, 18 R A E A A ) 2o A 2
R RS R T 2 R R . RIS —
KR 50, B 500 U 2 K 4 28
R BEAE P UG 0 ok Y g 45 1k — L S E0 B N

' sl e I, 7E%F CNN BRI 5 505 A e 5 o, )
{55, S0% M ME . 3565 Mo A K 28 8 g o M
. o o . CNN ARk 82 50 1 1 R Xl e S5 i % . H
—3. EYIZRCNNE, YIZAEAR R 30% B /RS IE, 2R S R
— SR \ . ARIELE Ao
AT SO E . RIS 4E 5 SRR AR
x5 HMEISHHERITE
Table 5 Component or parameter search process
F1RER
NI RS Il ZAttx
2 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500
5%5(8) 9.89 8.52 7.60 7.23 7.88 7.60
5%5(16) 9.16 7.42 6.87 6.96 6.87 7.60
5x5(24) 9.43 7.42 7.23 7.14 7.97 8.24
3x3(8) 10.81  8.15 7.78 7.42 7.23 6.92 6.96 7.60
Dropout=0.2; 3x3(16) 1044 723 751 733 696 7.05 7.3
YAt k=50 3x3(24) 815 705 723 751
2x2(8) 1291 10.26 9.71 8.42 9.07 9.34
2x2(16) 10.07 7.97 8.42 8.15 7.60 7.14 6.96 7.14 7.88
2x2(24) 10.07  7.69 7.60 7.42 7.78 7.23 7.05 7.69 6.87 7.14 7.23
2x2(16)+2x2(16) 12.00 10.44 8.70 8.25 7.69 8.15 8.15
2%2(8)+2%x2(16) 12.83 8.71 7.42 6.87 6.72 7.42 7.01
ETE T
BINSHL RS LIE RV
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Abstract: Crop planting area and its spatiotemporal distribution information are crucial for agricultural management, structural adjustment

of the planting industry, national food security, and other fields. Remote sensing can extract crop planting information quickly. However, a
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large amount of ground survey information, expert knowledge, and manual correction operation after classification are needed to meet actual
production needs. Using remote sensing and existing geographic information data for intelligent information extraction is the future
development trend. The purpose of this study is to investigate the classification representation method of the deep learning model on the
basis of the constraints of field parcel data. Multi-source heterogeneous data are linked by constructing representation. The method can
identify the spectral differences of different crops in different phases and classify the crop types.

The study area is in the eighth division of Xinjiang Production and Construction Corp. The platform of Google Earth is used to obtain
all Landsat 8 images during the crop growth period of the research area in 2019. The image data and their quality assessment band on GEE
are utilized to determine the statistical or estimated values of phases in the study area. Then, the average reflectivity of each band of the
extracted block level is arranged in accordance with the time-phase sequence and wavelength, and a plot representation of the spectrum and
time-phase two-dimensional properties is constructed. The construction of land plot representation realizes the connection of geographic
information and remote sensing data and makes the application of deep learning in crop remote sensing classification possible. The
completed plot representation is used to construct and train a Convolution Neural Network (CNN) model.

A step-by-step optimization process is implemented to search for the best combination of super parameters and various types of layers.
Construction of a relatively optimal CNN model is obtained, and classification of the constructed feature map is carried out based on this
model to complete the classification of the research area in 2019. We obtain a crop distribution map whose resolution is much higher than
that of the remote sensing image. Moreover, the overall accuracy of the CNN model reaches 93.04%, and the kappa coefficient is 91.09%.
The results of nine kinds of crop classification are good. After thousands of rounds of data learning, the proposed method exhibits lower
classification error fluctuation and higher stability than other machine learning algorithms.

The research object is plot representation, which is the abstract expression of plot planting information. It can be used as the standard
input of the deep learning model. Through the construction of plot representation, crop classification can be indirectly identified by remote
sensing. The proposed method has outstanding application potential in land feature representation and crop classification and should be
regarded as an optimal method for multi-temporal image classification tasks based on field parcel data. The method can be used as a
reference in the application of deep learning in remote sensing.

Key words: remote sensing, crop classification, CNN, feature map, plot representation, multi-temporal image, per-field



