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Abstract Remote sensing technology is one of the most effective methods for wetland mapping, but the
variety and the complexity of internal object composition make the task of remote sensing mapping for
wetlands very challenging. With the advent of remote sensing big data era, remote sensing wetland
mapping will enter a new era of high-resolution, intelligent and fine-grained mapping. The paper reviews
the remote sensing observation mechanisms for wetlands, and introduces commonly used remote sensing
data sources, especially the high-resolution and hyperspectral satellite data developed in recent years. This
paper systematically expounds the intelligent remote sensing image interpretation algorithm derived from
the development of the current big data and artificial intelligence theory and its application in wetland
mapping. By analyzing the existing typical applications of remote sensing of wetlands at different scales,
the overall development trend has developed from low or medium resolution to high-resolution remote
sensing in terms of data, from traditional model-driven to data-driven methods in terms of model, and from
single wetland extent mapping to fine-grained identification of wetlands subclasses and their internal objects
in terms of application. Facing the increasingly serious situation of wetland conservation, the complex and
diverse landscape characteristics of wetlands still makes the further development of wetland remote sensing
mapping face difficulties. This paper foresees the trends of data-driven wetland mapping research in the era
of remote sensing big data, specifically: remote sensing big data fusion and mining, the combination of the
wetland mechanism model and artificial intelligence theory. and the construction of a global standard
wetland mapping database, to jointly promote future wetland remote sensing mapping and monitoring to a

global scale, higher frequency, higher resolution, and finer granularity.

Keywords multi-source remote sensing; remote sensing big data; wetland mapping; intelligent

processing; wetland monitoring
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