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B OE. RELEHMZMYZ DCNN (Deep Convolutional Neural Networks ) HA “wmalh” . msi i ROEE XL
FAEBIE AL, B0 2 B T B AR b, B T B AR . (R ) B SR B R A, R
BRI B Ty . AR, PR T T A o AR SO TR T R 2 o) B, K SR IR AR B SE T R W) B /= CDL
(Cropland Data Layer) 1ENVEYIARZECHE, IR G RTER S 22 M1 IR VR ) A 4K 2% Landsat OLL T2 521501 25
2016 4F—2019 4F 4 P HUAE (B R AT 2016 4F—2017 4F . 2016 4F—2018 4F P> ZAE M) U—net AL, 4 BER B B2 75
I [ 33 XA v RO T A TR T 2016 4E—2020 AR RS2 A4y 25 . WERAE R 1) JLF CDLIZRW
U-net BEAUREAETESE A H4E) I, 25 3K (15 2016 4F-—2020 47 (1 IR TR]7Z 16 SUACKS B 7E 80% LA |, Fok
PURKS BE TR EL, LR TSRS () B HATARGF R RO RE 1o (2) X TR TR, 247 TR UM SRS B2
SR RS 3%, P FORFP AR s S MR | R, BAR 3 ROREUN ARG B 69%—T9% , (HZ
AR BERYEAR T HAR (AR, IX R] BE R BEAR AR AN I AR T TN R A AR, v [5]-55 56 R RO Rl A
f1% 2 S 308 et AR AN RS OB IINAS DL, AT A B A [ PR X S RS BE SR T SE AR T, SRl T U B ] A
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2011; ThHN %5, 2008), A MF5EH]H £ U s
TEFEATAE Y IR ] (Zhang 55, 2018; Phalke 55 ,
2020; You Ml Dong, 2020). #Xifi, &4 M ikERKH

1 51 7
VB DR R SRURKRRL A B AR 25 [ 49 A A

T AR R B 72 4 A i DX Al B il o2 A SRR
(B0 25, 2015), BIREAEBEHE K, WA
L BRETR AR, R YT T AR AE SR
REERAFEZ — (545, 2015). Bk, #
FH A B A HEAT VR 1 AR 2 — R AR b 3 B )
PR AT
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gy R G RARHA L, B3, SRR
K IRZFRHAE, S8l m iy A shikrde, o
JZ I NSRS T CRTESS, 20195 Jiang 5%,
2018; Zhong 5%, 2019), FERAEYE s Hrhi
BEN T ZMH (Zhong 4, 2020; Sunéf, 2020).
SR, R 3 4 BRI 22 I 208 A 1R 0 2 1) T 42 02
7 SR a e o AR S B AR A A, E X R
bR EAE R I EAE TR AW ) (Xu s,
20205 VFHG AR, 2022), KRR I 1 SR
KRR Z — .

% B 4k 3 48 11 & (National Agricultural
Statistics Service) HFAFE N K ATHET CLU (Common
Land Unit) FIES ] 75 31 18 JEESCHE A8 7 B /R P 25 Y
##% CDL (Cropland Data Layer) (https://www.nass.
usda. gov/Research_and_Science/Cropland/SARS1a. php
[2021-05-31], RN KRG EEAE 85%—95%
(Egli, 2008). A MCHITEN COLEHRAE brss
B AL R o ) BB JEAT AR o028, S T
MMZER, WCai% (2018) FIFH COLAERAREEFEA
AT B BRI ZR, WL T 24 A
[F) DX SR A BRI AS W, B E 132 0 2 X A
JAME: XuZE (2020) F]JH Landsat ARD (Landsat
Analysis Ready Data) F1 CDL %4 #4) 22 Il 25 55 35 45
FJ#HDCM (Deep Crop Mapping) FRAISZEL T 3 T3
B oM sgmul MR K . KRG WS Rz ese s, w5
3 13735 Kappa 4 85.8%, {2 AKX I F-44 Kappa by
82.0%. Konduri 5§ (2020) R § A RE—HR
SRR, I Z24F MODIS NDVI I CDL A4 45 45 4
PEAT NS, A AR M DX, 3 T4 ok DRI
W Z A s ) — 2otk AVE th e bn
ZRBF BB — DRI, TEEAK . RGHA
INERIFTIX, 8T EEAEY G LA R T 70%.

E A BEFEIESE T CDL RE S 1 S A W A 2 23
o g /N DX 35 o A Y 7 ] ) A X BB ARy, A
SCHIH] COLAY JEAR A A BEA T IR B 27 ST A1 25,
0 UEASE TR0 A B A 245 () A (] RUBE 1 (i B 12 fh R
T3, B RO 28 RN AR . AR AT S L) 36 T Y
CDLAE A B $0 i I SRR 2 27 I A, iE AR A
1] 3 [ A B BT o AL R A
[ Al 50 . S Rl AE Oy B I =S BB BE T, i R
CDL A Sy A 28 K8l I A8 T A R B A T AR AR )
ERIE I, W RRERIED A 3h . A o
KR MEFLSAAE
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AR RS PP Rk . RE E= XA
CDLAE M UNRREAS o Sk 56 UF AR 7R 5 R ek 1] | 28 (7]
KB Lz Ak RE 7, 3 B SE [ 5 KRR B A A
SRy B TR BB 22 A0 M RN B R A SR IR IX
5 Y 36°58'N—42°30'N ., 84°46'W—94°31'W,
2y 245 km®, FORFNK T BIVE Y R 1 AL
55% VA L, S TFJEH X, HE BN,
KNy 33.33—66.67 hm*; BLALERZ b IX 2L H
K, ERFELEE TR XEL, 250 T
TRaB N R L e far KM vV R AR 22 AR N AR AL
(O35 AL, A2, A3, L5k 44°35'N—
44°40'N, 99°47'W—99°52'W . 41°50'N—41°55'N,
96° 32'W—96° 37'W, 40° 22'N—40° 27'N FI 83°
02'W—=83°07'W) , FA~ X - R 3500 km?,
AR X A i Z [ R AL SR A 22 3°, R4 JE
22 10°,

IR PR ES MR AL RE ), ARSCGRRR TR
[ PR p VT4 SRl (47°42'N—S51°03'N, 124°45'FE—
129°18'E) , Zth DX b AL WOTTF- B ) 23, R 2%
Wi AR, SENKR KIS, REILIX, PHEHE
AR, LA o A s AR AR T IE IR AT
KetEE XA, FEWE, EEMAEER. K9,
Z b DX BRI, K/ IFE 1—1.6 h?,
FORFR G R AL FLE R T 95% DL b, —3%
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W TR AR, LS M RE e, B
S M BIORR TR 2 2 2] 3 R B R 1 25 [z Ak g 07,
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BRIz Ak e
22 HIEERALE

2.2.1 G BEEHE

ABIEFE BRI B RERAR KR I 2016 4-—20204F
VEY A KOG e 101 (CRE AR AN AR R REREIBT) 1Y
Landsat 8 OLIMIZR [ S %, 25 (] 43HE3 R 30 m, U
BO Bl . g 20, ELLAh . RIPELLAN L AT
b2 (Xu%§, 2020). GEE (Google Earth Engine)
BRALT KRB Landsat 52154 F1 CDL s . A
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Fmask B30 158 =080, QA B BL AR 'ﬁ
BRZGITTHATIEG ML BB SRR H AR
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] L 8 0 32l 35 BB A A b B i 43 A mT AAS B, 92
FE] ARl AR DX, AR A ) A DX el ) 22 S L
AR, AR SCAE R X IR | 36 PR 4 A R A K HE %
MBS M N3 A ISHECH ISHMTA1HE
mﬂlaﬁm& T P I ISR G G 25 AR
AT S, 3R 1R i B AR B ] 1
MHEEY (K. KG) FEZE .

wlﬂﬂiﬂzzmeﬂh 20194F »)Héiﬁlziﬁzoleﬁ#—zowi
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The flowchart of the training data set construction

Fig. 1

BRI GEER EM R E ARG R, BRIk IX
1} 2016 FF—2019 FFFARAEY HE K TR RAR, AT

%iﬁ@,ﬁmw%gﬁmmi—mwimmﬁ
PlE AR K E . 7E GEE ¥ & 4T H o K 5214
PRdEAl, BRI B VR 4 i 53 2 A AL I 2k
TENARBUTFS (0-FK; 1-KE; 2-HAlh;
3-HacE), ISR BRI B NG
AN B 4

R FFRIERMINED E RN ) B EE

EMERER

Table 1 Detailed information of the remote sensing image

N\

REBR

data of training dataset and samples of Illinois and Indiana

A fif Bt TORMBA /% R HRL L H/%
03-15—06-15

2016 30.83 25.70
07-01—10-01
03-15—06-15

2017 28.06 27.82
07-01—10-01
03-15—06-15

2018 27.13 27.60
07-01—10-01
03-01—06-15

2019 27.27 26.00
07-01—10-01

222 MiXEIEEHLE

A G R 0 BT BKORR 43 A 18 (1) Bsf 2 RUBE 1 1)
ZALRE ST, BEEUT EEA L 3 RAEY A TR R AT X
A PR TR I I s, X 2016 4FE—2020 4F:

BRORR 52 AT I TR Z AT 5E o 20 A T T Al 258
BT, M IR A P AR 5 SE [ BF 5 22 57 L

BK, #F4H1HE6H20H, 7TH1IHZE10H
15 H 24~ ] Bt 51 25 DX a6 1

22 2 MK X B AR B PR LR 2, AR
WEM R DX S A E AR K R e 4, ARBESE A Y
PRI T R ARE MU B () 9 1 o T K s 4 1 Ak
PR AR S IR BHE 5 R A B 4y — 3

Fz2 MK X% B S 15 15 B A 8] B

Table 2 Time window for remote sensing image selection in test area

g i : LU S :
X1 A1 X35 A2 X3 A3 BT
2016 — 03-15—06~15 03-15—06-15 03-15—06-15 04-01—06-20
ot 07-01—10~15 07-01—10~15 07-01—10~15 07-01—10~15
2017 S 03-15—06-15 03-15—06-15 03-01—06-15 04-01—06-20
ot L 07-01—10~15 07-01—10-15 07-01—10~15 07-01—10-01
2018 S 03-15—06-15 03-15—06-15 03-15—06-15 04-01—06-20
ot 1 07-01—10~15 07-01—10~15 07-01—10~15 07-01—10-01
S 03-15—06-15 03-15—06-15 03-15—06-15 04-01—06-20
2019 .| 07-15—10-15 07-01—10-15 07-01—10-15 07-01—10-15
5020 1 03-01—06-15 03-15—06-15 03-15—06-15 04-01—06-20
g ol 07-01—10-15 07-01—10~15 07-01—10-15 07-01—10-01
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2.2.3 BEENEE

XTI E 3R Xk (A1, A2, A3), ARF
7% K FH 2016 4E—2020 4 i) CDL £ 4 15 2% K dis

(a) M X A1
(a) Al site

() M X A3
(c) A3 site

PEATRS BEVEAY, PRI T 2 2016 4-—2020 411
BAENED T SIS B G ARG BE PP . R 2 245U
KX S BRI A,

(b) MK X A2
(b) A2 site

(d) SRt Ix
(d) Heihe site

K2 &K 2% Bl

Fig. 2 Reference data of all test sites

®3 EiAH2016 F£—2020 £ EBIEWEFIMESANE

Table 3 Number of field samples of spring sown crops in
Heihe City from 2016 to 2020

A Bk R HAth
2016 1656 2474 2657
2017 533 1620 1232
2018 953 1428 1112
2019 642 1718 1045
2020 725 2665 1284

3 gk

3.1 U-net$ZiEHY

Aok, W E A B K 4 FCN  (Fully
Convolutional Network) [ H A5 2% > & )2 R FHE AY
RE 1, FETE o #1 GG K R iR . FCN &

(C)1994-2024 China Academic Journal Electronic Publishing House. All rights reserved.

— o B R S 2% S5 4, A B AR T ORFED
JRFAZEE, HOm BN UER, e R, M
LRI L CRABE)ZE TG A A R A R
PR¥F—3, TEMEBRERDIE. U-net BARRFCNAL
SR BE B I 4% (Ronneberger 55, 2015) ,
TAGALIE U RIS RR M4, 22 A7 WA 43 590 5% o 4 ) D
ff AT, A2 AR R R RIRER
RRAE , A AT 45 A8 32 AR & Pk 2 RS A 19 e iE A
ol |51 1 = S P P 2 T R Y D VA = E BE 7/
P A2 42 BUE B ) 4097 155 8O B oy Wi, 3 BB 4R
ok B A W FEHE U-net A5 R 1 T 22 ik BE 3 O30 43
2, Pan%%: (2020) FET U-net REE22 ) 2088, F)
JH Worldview 5248065 TN T &2 24 30k Hh b 11 B4 2 500
PEATAF EIRIA32S, U—net B 7Y (4 8 557 20 B L (AORS 1
iK% 86% LA I, s FHBEARKE LIRS 83% L |, Wei
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4 (2019) #H— AL IrEGI A S U-net BRI, F]
FH Sentinel—1 i 25 B8 647 2017 45 35 M $R R TH AR
YEn il B, B ROKS B 35 FI] 85%, Kappa 7 80K
0.82, YENHAIE) FCN 42—, U-net £ 7 )i
T2k Bg B EE 4y 25, I LASEIRAEAR B/ B
A AP (Ronneberger %, 2015) .

AR SCHEETF AT B~ 2T SR I 1) U—net 4244 75 Z i
Bt 6)2, B A BRI/ 256 B #ivl 46 28 415
R, ARG EF I E 3 s . TR B, K
W FoRFETIEBIR R B, fEf )20
JIT B SRR T 1 SRR A . TR, AR
UESR FHRE AN ZR B, i A A i B JRUBE B 2 R
F BRI (Ronneberger 4, 2015),

3.2 L&t

ARG ILBETT 6 5L 50 s R AR 11 25
LA 3, 435I 20164E . 20174F., 20184F . 20194F
2 [E 1% CDLAE A 2 5 AT BRI 25, 430
M model_2016. model_2017. model 2018 £l model
2019, 4 BT FE U 2R B4 45 o A 248 4y I ik
P S e PR TH B (v Ak BE T, 2016 4F A
2017 AE AR 25 T model _16_17, fdi 112016 4F—
2018 AEAERINZE T model _16_17_18, A= 64
ORISR

X LA R B AL SR RS 72 AR RE . ASHIF IR I 25
T — AN AR 1 BE AL AR MR T A TR R AT RS AR )
B2 45025, X LU A BT A G bl & 2% > BRI
JE 2 SRR 2 A i 2 12 A28 5

4/2016%){!2}@&4&%/ 4/2017fﬁvlléﬁ;iﬁw&%/ 4/2018%)”%%&&%/ 4/2019%}”%%1}&%/ 4/ 23#2%%%? / %ofgﬁf%%%

@%‘il‘!i}lléﬁ;

Model_2016 Model_2018

Model_2017 j

Model_2019

Model_2016_17j

Model_2016_17_1ﬁ

|

// AEEEE [ )
// AT A 4 :

L > RS
/ AT

TN

T

e / AEIER [ )
/ AT 45

™
[ o)

M

T
AT 5
/ ST T4

)
l TR R IE AR

3 KB
Fig.3 Experimental design idea

3.2.1 &A% 5 m
AT At FH TR FE 2 > AE 2R 2 26 FHUph 28 ) 25 A

48 Caffe (Convolutional architecture for fast feature) .
BRBSHIRESHE T WeidE (2019), 4351040

RoE I Z R 107, TRERME N inv, %) FAELTE
H0M 0.0001, power 7 0.75, B TR ILE E N
Adam, AU{E 5 K 0.0005;  HLAE 43 DI 2 B HE 14
batch_size 532, model_2016_17 B batch_size S 64,
model_2016_17_18 { batch_size 47 128, A 5% 1
SRAE S AN RIS X i U173 R 256%256 ME TR

(C)1994-2024 China Academic Journal Electronic Publishing House. All rights reserved.

ANBEBRE, AHARBER 2 (B HE B O 128 M50, AT
SR A S BRI R 0 pR AT

C a,
Loss = —z (y == i) X log Ce (1)
T

a
e
i=1

A, CHEBINEL, AR C=4, 53R EK
K, HABATS AL, Wi=0, 1, 2, 3; y XN
HAH, (y==) AXRRBHE, Hy=i, HH1, £y,
HR0; a BRI 5 — 245 B2 f ) i B (A
250 i FHER
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TERIYIN BB, A5 T T 25 U-net B 45,
il TN SR B X B R AT I 2, SR A dl it
4 U2 5 SoftmaxWithLoss JZ AH % #2211 5 Il 2k
Loss, #EATHEEE TR AUHE SR RIE Loss YW SL,
4% Loss WSO 2 B (B 2R 5 e 2 I i B

TEFMBYEL, KF U—netBEFI 1) SoftmaxWith Loss
JZPN Softmax J2%, i 1 45 JR A — 2 0 1 4 b b )
N BT R MEARAEL, BB TT AY B 2 2 51 b X
WA s IR T E . 2 U EY LA
322 RBEFNTE

AT FE R PR W6 R0 5 1 VT4 U AR 1Y )
B, SR EARRE OA (Overall Accuracy)\ F143%%
(Fl-score) VEAKEEEPFAT 6T -

(1) BMARSEE . Jr2RmE b BT A ST e i 7
E GBS BT B E, HAHR AT

> P

- = (2)
K, PARREMHERE, p, FRH R HIE
BHRRICEL, n BB, p N EREARLL

(2) F1-008: F13EERa 25 85— 20 i

PO

(a) Model_2016

(¢) Model_2018

(C)1994-2024 China Academic Journal Electronic Publishing House. All rights reserved.

RIS PR EERE M, 2— PG . 255190
FefiAabr GROBERT, 2003). FHEAZANTFR
F1=2x(Pu><PP) (3)
P, +P,

K, POIEMPRGEE, RIgE ARG IE
i 2SR OCH T xR AR OT BB A PR
i DR E , BI0 h HE R B AR O0 P IR Bl 0 2K 1R
JURCS BAR TS5 OC B R HU A

4 AR5

4.1 1RBVSEE

HRAE 3.2 A AT SO B, ARSI
6 ISR, AN [ AR AR A A U] 4 BT

B 4, BT 41 loss K2 BAE A7y B I rpsi il
loss F1BG RS B B9 A8 fbad #2, 5 A loss & A
AR BRI AR loss 284K 1K . FEARE BRI St
FE, 4 BUARE O AL B AR B B T 50 TR,
TR B85 UF A 2B 95 16 90% LA L5 H1 T model _2016_
17 Fll model _2016_17_18 X Ji I 4™ 45 53 A5 4 fi K i
WK, FEONGHEE TR, FEARER, SR
FEHIRE] T 90% LA L.

(b) Model_2017

(d) Model_2019
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(e) Model_2016_17 (f) Model_2016_17-18

B4 BIRIYIZE Loss &l
Fig. 4 Loss diagram of model training

12 EMRSILR FEL0 0 X A 7 L K A o e e

2016_17_18 Fllmodel_2016 7E L] T I X 1) T K B ATERE -
K FINZE . DA Hb DX T % R I, AR

(a) MHKIX AT
(a) Test region Al

(b) MiLX A2
(b) Test region A2

(¢) MK A3
(¢) Test region A3
sk EERE [ A

5 model 2016 73 3 AN X KA T TN 45 1
Fig.5 Prediction results of maize and soybean in US test area by model_2016

P 7 A 4 2 BAR 0y KOt I 2 1) 4 AL 1) IR AT AR, ARG RE I SR 4 A
FE DU XS T Y AR B Y B AR EE IR G, B RUESEEIN 3K X I RSB Y AR s Az Ak, 34
KB G . AR L8 DR AR B K 21 80% LA -, K 4 ] IETRS 2
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83%—S87%, F1/3%01F 0.8—0.84, K & 1y 1K Ky
R 73%—85%, F153%01E 0.78—0.84, W& T &
Ko AR X, 4 AN G R AR B A 55 [

MR G BRI, T 60%—T77%, F KRR
i) PR 1, B S K 9 R 03 DX

(a) Model_2016_17_18

(b) Model_2016
s ks [

P16 Model _2016_17_18 Fil Model _2016 #£ B3I 1 (1Y T K Kk &2 Tl 45
Fig. 6 Maize and soybean prediction results of Model_2016_17_18 and Model_2016 in Heihe City

7 O RSB A X 00 24 4 S 178 S A
Fig. 7 Overall accuracy of different models in the test area in

predicting the current year’s data
4.3 SFIAEEIREZAL

431 ZEEMNKIXSEZH
AT IR UEAR B AR i A ROz ARE Sy, LAEE

(C)1994-2024 China Academic Journal Electronic Publishing House. All rights reserved.

S AR (RN AR Oy SEARE AL I3 X P At
O IIVEY o T 8 & 6 A AL 7E 35 6 34N X )
TETINEE S . 4 B4R A VR L I ASE A 7 5 [
DR DX ) B B e RIAR L, T 80%—83%,
F1 708078 0.80—0.87; K E K F150%00.76—0.84.
2 AR5 DI 25 10 VE 0 1R AR Y model _2016_17 Fil
model_2016_17_18 7 3& [ 3 4~ i X 11 & 14K &
BAR I A AR T, ik $84%, oK
F1A 50 ik 5] 0.88, K H F1 438 0.84, i
W 22 A A5y 500 DI 25 1 P 9 3 01 A2 78 o S 1 3K
DX AR YR B Nz AR R T IR R . A
AN TR)AF Ay B B[R]0 Ak AR BE A3 B, 7E 56 I X
I SR T I A e B I AR E A B A R
VLA MK, JCIg e ARy, R 20
MIAE ) 43 JE B AT, 24 6 S B0 15 A1 1y 1) 1 47 A5 74
k.
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F4 FRERBEMNS KT L FEERMKEHEE

Table4 Accuracy of prediction of maize and soybean by different models in the test area in the current yea

ES K EW/N PN
3 REALZ B M (RN
X 8 CHIAEG ) CUNES IS D O i S B S A B K i (TG HE - e FLoy dlE e
K ORE B0 ORE OBE OB KiRE WS B OWE OFE
model_2016(2016) 0.85 0.81 0.83 0.80 0.79 0.79 model_2016(2016) 0.87 0.81 0.84 0.79 0.83 0.81
model_2017(2017) 0.84 0.80 0.82 0.80 0.79 0.79 model_2017(2017) 0.86 0.81 0.83 0.79 0.83 0.81
A model_2018(2018) 0.84 0.81 0.82 0.74 0.83 0.78 A model_2018(2018) 0.85 0.78 0.81 0.75 0.85 0.80
model_2019(2019) 0.83 0.81 0.82 0.85 0.84 0.84 model_2019(2019) 0.82 0.80 0.81 0.75 0.85 0.80
model_2016(2016) 0.85 0.78 0.81 0.75 0.84 0.79 model_2016(2016) 0.76 0.82 0.79 0.62 0.70 0.66
“ model_2017(2017) 0.82 0.79 0.80 0.76 0.84 0.80 . model_2017(2017) 0.72 0.69 0.70 0.63 0.65 0.64
model_2018(2018) 0.85 0.84 0.84 0.76 0.82 0.79 model_2018(2018) 0.65 0.67 0.66 0.57 0.67 0.62
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Fig. 8 F1 scores and overall accuracy of maize and soybean in US test area
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Fig. 9  F1 fractions and overall accuracy of maize and soybean in the test area of Heihe City
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Fig. 10 Spectral characteristics of training data and test data
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Fig. 13 Visualization diagram of extracted features in American test area
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Fig. 14 Visualization diagram of extracted features in the test area of Heihe City
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Transferring deep convolutional neural network models for
generalization mapping of autumn crops
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Abstract: Deep Convolutional Neural Networks (DCNNs) have been increasingly applied in remote sensing crop recognition due to their
“end-to-end” advantages and efficient extraction of shallow shape details and deep semantic features. However, deep learning models
require a large number of labeled samples, which are time-consuming, labor-intensive, and costly to obtain, limiting the 2016—2020 period.
The U-net model based on CDL training can be popularized and applied in the United States. First, the overall accuracy of time
generalization in the three test areas in the United States from 2016 to 2020 is more than 80%, and the recognition accuracy of corn is higher
than that of soybeans. Deep learning models have good transferability in space. Second, for autumn grain in Heihe City, the average
recognition accuracy of corn for many years is 3% higher than that of soybean. This is because the corn planting plot is more regular and the
planting scale is higher than that of soybean; the overall accuracy of autumn grain identification in a single year is between 69% and 79%.
The year classification model is better than the single-year classification model, which may be because the representativeness of the training
samples is enhanced with the increase of the number of labeled samples, and the difference in autumn grain planting between China and the
United States can be compensated by the expansion of the number of samples. However, the model is migrated to the Heihe region of China.
The accuracy of the models is lower than that of the continental United States, which is due to the inconsistency of remote sensing response
characteristics due to differences in intercontinental climate and crop planting habits. These, in turn, reduce the generalization performance
of the model. The DCNN model is better than random forest algorithm because of the training process driven by big data. The principle of
transferring the basic trained crop classification model to map crop distribution timely and accurately has broad prospects for application
across a large scale of time and space. The consistency of remote sensing features and phenology of the crops of the test area compared to
the training data are fundamental factors that must be carefully considered, as these determine the success of high crop mapping
performance. Therefore, it is essential to analyze the prerequisites when transferring the model to other places.

Key words: remote sensing, transfer learning, CDL, time-space generalization, soybeans, maize
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