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Remote Sensing of Spatio—temporal Dynamics of Saltmarsh Vegetation
along South China Coast based on Google Earth Engine
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Abstract: Understanding the spatial and temporal evolution of coastal saltmarsh wetland distribution is the
baseofscientific management of coastal wetland ecosystems. Spartina alterniflora has rapidly invaded and
spread in the coastal intertidal zone of China, which has significantly changed the structure and function of the
native coastal wetlands, leading to great challenges to coastal wetland protection and management. At present,
the large—scale remote sensing analysis of the spatial and temporal dynamics of coastal saltmarsh vegetation is
very limited, and there is still insufficient understanding of the historical evolution of saltmarsh spatial distribu-
tion and its control mechanisms. Based on the Google Earth Engine platform and Landsat imagery, this study
usedcontinuous change detection and classification algorithm to obtain the spatial and temporal distribution of
saltmarsh vegetation in coastal wetlands in southern China (south of Zhejiang Province) during the past three de-
cades, and then analyzed the impact of tidal flooding on the spatial and temporal distribution of saltmarsh vegeta-
tion. The results showed that: (1) The total distribution area of saltmarsh vegetation decreased from 2000 to
2004, and then showed a continuously growing trend; (2) There were three growthmodes of saltmarsh vegeta-
tion: fluctuating, linear, and exponential growth; (3) The distribution of saltmarsh vegetation and the frequen-
cy of flooding showed a hump-like spatial pattern, and the spatial and temporal distribution of saltmarsh vegeta-
tion evolved from less to more inundated area over the intertidal zone. This study helps to understand the spatial
and temporal evolution of coastal wetland vegetation and provides decision support for the scientific manage-
ment of coastal wetlands.

Key words: Coastal wetlands; Saltmarsh vegetation; Continuous change detection and classification; Google
Earth Engine ; LLandsat



