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Abstract : Farmland resources are the lifeblood of my country's rural development and agricultural moderniza-
tion,and the cornerstone of national food security. Therefore, there is an urgent need for refined and accurate
information on the distribution and change of farmland resources. The development of earth observation tech-
nology and artificial intelligence provides strong support for fast,accurate and intelligent farmland monito-
ring. In this article, by collecting the relevant research in the field of farmland monitoring at home and a-
broad,the relevant content of farmland monitoring is sorted out, the classification system of remote sensing
farmland monitoring is summarized, the evolution process of technical methods in the field of remote sensing
farmland monitoring is reviewed, the current mainstream farmland monitoring methods is summarized, and
the application status of different agricultural regions, scale regions and classification units is revealed. The
challenges and possible development trends of farmland monitoring with multi — source remote sensing data
are pointed out. Remote sensing farmland monitoring should carry out research on farmland information ex-
traction and change detection for different regions,scales and granularity,develop and innovate multi-source/
modal data collaborative monitoring technology,realize the joint drive of "Data-Model-Knowledge" of farm-
land monitoring,and gradually improve the precision, refinement and intelligence level of farmland monito-
ring.

Key words: remote sensing; farmland monitoring; monitoring content; classification system; method history;

mainstream methods;application area
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