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HIERMER BE, SErT15 58— R 59 Precision 15 Recal {EL, M ITIE B S 2 4G U PEA P-R £k .
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IR . WRBE A 8% o PspNet Y FUE T, BORTEBER /D, (HIEWRBERIMER MRS, PRE
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CROPLAND FIELD EXTRACTION BASED ON ENSEMBLE DEEP LEARNING
MODEL "

Cheng Rui, Wei Yanbing, Lu Miao®*, Wu Wenbin

(Institute of Agricultural Resources and Regional Planning, Chinese Academy of Agricultural Sciences, Beijing 100081, China)

Abstract The spatial distribution of cropland field is an important basic information for agricultural production
management and agricultural policy making. The traditional methods based on landsat images are difficult to
achieve accurate extraction of field parcels due to the high fragmentation of cropland and complex planting
structures in China. In this study, an ensemble deep learning (EDL) model was proposed. Firstly, the various

training sets were obtained by random Bagging sampling method, and then the training sets were applied to multiple
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convolution neural networks (FCN. PspNet. SegNet. Unet) to obtain the cultivated land boundary probability map.
Finally, the probability maps were integrated according to the average value to obtain the field parcels. The results
showed the overall accuracy of EDL reached 96%, which was 1% higher than FCN, SegNet and Unet, and 2%
higher than PspNet. Compared with a single classifier, EDL could reduce the deviation and improve the accuracy of
cropland field extraction. It concludes that the EDL model integrates the advantages of multiple convolutional
neural networks with better performance, and it can provide an effective method for field parcels boundary
extraction in China.

Keywords

cropland field; farmland extraction; convolution neural network ; Bagging; Ensemble Deep Learning

-EHW-

5G M &t KT %Ak % 5 2 A 3t o T AL

5G HREH E TR B . MR
W 7 3835 I ) IR 422 A 19 2% 1 e 7 i, 56 R Al
oK 1) 15 15 A Y 5 A8 8 K Ay 4% A U 4 1 i o
DL 5 BT 22 5 R OB LI R 2 S AR
SR WEIEM PR SCHEYIA4 it
FHRMSE S e Z bR, A A A R TR AR 2
KA E TR AR MRA R R, 5 TR Sl {5 4%
RIKHE & e, s AR R A BB T
F RPN AT, K 51 S R RS 1) B
JRK HEIRFRE

5G Mg AU B AL A RS T 2 KR
2% 5 A e b A A 2 B M v o e A8 L
bro BARAONIE & b f g BB Al S, B
VA ZBIE AR T — 1K, Al K i B %
BrBLo 5G 045 i AR 2ok AN 2 B4l 9 38 4R T
T 4T 24 3 1) R R, B i R R M i 2R
RAUBEHIL A5 38 15 1) B AL i AN 9 L A B AR URE I
Ko MEAEEARERE, 7Rk T 2 NHIXAE
S ZEMES , $EmAO 2R | =—IPRIEY
PR AL L B e Al ML A K P B HE Sl BAR
Al & FE (4 £ ] o S5G AR Ry FE AR it 7T 5 £
FRE G ERG NS, Al A . R
PR AR GE ARG, A A R A% IR R AR T
FE IRk ARG L BRI 1R 2R O K
T mra], b B 2 o A T e Al B 23 B b
PRAE R AR B2 RS 15 B 5G B e n] 5 | IR SE T

R IR AEAF B HE— 2P 52 T o BRAPALIE B . FATL L
AREIORE AL, Ol AE BRI REAL LLSE, 56K
265 N AR R A S ATLAR A Qo N T T A A A
A, BDHTE g N SE I R A B, W] L,
HHIL ) A2 77 J1 K RAHBL AR R T, 568K
7 A B R RE Bl RIDRE A sl Al Az 7 4 R 1 T
G, RN AL EA TR Fr .,
AT H A E S S T DU A AR s PR B Aolk A R
S SCHEEAON IR M A3 B AP, 2
M- 556, TABL, WHRIM . REHE . =it
AR TR D A B B 2 i BRARAR L el IX AT 3 T 4
—WifE . G- E . G- E 2 TR R A
Pty . ANALRENS 24 /NI AN 5] W iy S 7R 2k s 0
SO N T I TRER 4 Al Bui g T € SRS e
RE N A 74 B SR AR LR AR I o T LA, R %
5GHAR B B S I T 6 AN ARl T Bl i B
B MEI K A SR T, X — AR e R RS R X

AP S BV BRI TEA TR ShfE
5G WA IFAQT AT HL R 1 A R AEBE T 2 FHIR
PSRN AL IR RS R R R H
bro & RFIR 2S5 AR 0 AR 2 58 03U R IR
BU A1, BRSO 1A el B IR
B, 56 MZEACT Y Py A HEN EE+ ™ bl AL BE”
PR R FTHE T AR 7 iz B g I s BRI A 45 R
WYET, ORA L EATHER TR, ARBIEAU
(#5293 1)



