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Abstract: The rapid and accurate extraction of cultivated land is essential for supporting the
protection of cultivated land and controlling cultivated land use. With the rapid development of
high-resolution remote sensing and artificial intelligence technology, high-resolution cultivated
land extraction has gradually transitioned from traditional pixel-based and object-oriented
classification algorithms to a new stage of intelligent cultivated land extraction represented by
deep learning. Although many achievements have been made with newly developed technologies,
it also faces significant challenges. This paper firstly sorts out and analyzes the research status of
cultivated land extraction based on traditional machine-learning approaches and deep-learning
techniques, which thus expounds on the necessity of deep-learning research on cultivated land
extraction. Secondly, combined with the development of fully convolutional networks, the basic
principle of deep semantic segmentation technology and the experimental process of cultivated
land extraction are introduced, and the state-of-the-art algorithms of intelligent cultivated land
extraction are summarized. Finally, focusing on some shortcomings of intelligent cultivated land
extraction, the development trend of intelligent cultivated land extraction is discussed.

Key words: high-resolution remote sensing; cultivated land extraction; deep learning; semantic

segmentation; remote sensing applications
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Fig.1 Diversity and confusion of cropland objects
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Fig.2 Schematic diagram of cultivated land extraction based on DeepLab v3+ model
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Fig.3 Process of cultivated land extraction from high-resolution remote sensing

images based on fully convolutional networks

2.3 ETHREZ S HIBH R B

U AR, VR TR U3 E e AR AE 8 S ) 4 BT 1T A ik 25 3 e B, i@t 31y
(321 TERRE3), KRB, AN KT BN 2 5 B IS T Tl o XS HB 2 T 55,
WA AN DBEIRAR A H o STER[37170 R T 1 4R /2% (ConvID) A
KHHICIZ N TAHZ L% (Long Short-Term Memory, LSTM) 523 Landsat 54154
() 22 IR 0028, b, RERL IR N 32 B9 BB T IR — 4ERHIE [R) & s SCHER[29]
FIFHFF R ) DeepLab v3-+15 84T 7 2 #F PR BT 25, SR8 1 36T 1 K= [A) 40 %
# WorldView 524 1) /INRBHE X $EEL, HAF 745 MR, IREETE Lo FIHARA L
TAE G AR 5 > B RE IR B kG B A HO0 B B TR A BT RS SR
BEHY 2 I8, AN/ 22 TR B PR BE 1 S B — 2B A . SCHR[391R A X
Bt 4 77 S AT K 4% MPSPNet A1 UNet BEALSZEL T IR A 2 KA PR
PRI SR, JRERDT T IR BEE S0 BRI AE R R B R B I s SCR[40]
ST HERCE I T I, R DR IR BT SO ISR i) F000 45 SR 24T BME & R, AN T
RAF A RIS R, LI 45 3R], SRRV IR BEE L HIAH EL T — 15
RUREAT RN 7 K 22 o BT IR TR S B RLAT 21 7 2R 45 SR T RS, DLk
B R K5 AT VA S N BRI BUE S rh o SCRR[41] 8 e TR E IR
JETE oy FIEAY LWIBNet ZRAFHH > BIEBE, AR5 RAECAIE A 2 5IEN 732K
BB T4 SCHR[4210) 5 SR SegNet B SR1G WorldView 5244 17 57 #
Hiy B DERE R, PR F 23 7KW B 8 B0 N R AR B A R P R B IR B R, R
iz A1 & 73 A BN B — 5 1 6 TR0 0 S 3 AE <0 20 B0 R 05 5, AT LAk
i R R FR DU

TR S0 RIHORAE SEBRB b I S A A3 3 1 HE, A2 il &) Bt
RIE R BefRiE T & (B4n PIE-AI F1 SenseEarth 25) 48245 T &1 A b W
MR 55 I D REAEER, T8 45 G BOR B =1 & il E R AL PR R V), W R kAR
Fo BB BOBE IS B o A SCYE R — BT A S BF LR BE IR il F8) B FH BF 7 4
JEIR T HETIRFEVE X5 BT Pleiades T2 2 5215 SE I A BRI T 4R FH M BR 1 7925
R SRS, M TAES KA, H TR I R RS A BOR
R 77, HALRAAE T Reli® B 35 o) BUR K- -5 2 R QURES), HAAH



sy 1) 3 AR 23 BV RE TR bIE RE AT, A7 R0t 1A% Ge i AR 0O

B 4 IR IR o SRR (B 3R B Al 2R

Fig.4 Ultivated land extraction results based on deep semantic segmentation model
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