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Satellite-Based Dynamic Monitoring of Topographic Changes in
Sandy Substrate Islands

LI Jing, XIAO Yizhe, CHEN Hao
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Abstract: Sandy substrate islands, significantly influenced by tidal hydrodynamics, experience rapid
geomorphological changes, making it crucial to monitor the dynamic evolution of their surrounding topography for
effective island conservation and management. This study focuses on the coastal waters surrounding a sandy substrate
island. Utilizing 2013 HJ-1B satellite imagery, four water depth inversion models-Support Vector Machine ( SVM ),
Random Forest ( RF ), Fully Connected Neural Network ( FNN ), and Convolutional Neural Network ( CNN ) -were

developed to mitigate the impact of suspended sediments. A systematic comparison revealed that the CNN model
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achieved optimal performance, with a coefficient of determination ( R*) of 0.98, a Root Mean Square Error ( RMSE )
of 0.74 m, and a Mean Relative Error ( MRE ) of 5.97% against measured water depth data. To further validate the
model’s applicability and investigate topographic evolution, the CNN model was transferred and applied to 2017 HJ-
1A/B imagery, enabling quantitative analysis of topographic changes between 2013 and 2017. Results indicate that the
CNN model maintained robust performance in the transfer applications, accurately reconstructing both the macroscale
terrain and microscale topographic details. During 2013—2017, the study area was dominated by siltation, with
accretion zones accounting for approximately 62.93% of the total area and an average siltation thickness of 2.66 m
(approximately 0.53 m annually ). Erosion zones covered about 37.07% of the area, with an average erosion depth
of 1.16 m (approximately 0.23 m annually ). An overall eastward siltation trend was observed, while localized scour
near approximately 1 km north of the island requires particular attention. The high-precision inversion model and multi-
temporal dynamic monitoring methodology developed in this study provide a reliable technical framework for assessing
topographic stability and supporting coastal zone management of sandy substrate islands.

Keywords: Sandy substrate islands; Bathymetry inversion; HI-1B satellite; Convolutional neural network ( CNN ) ;

Dynamic monitoring; Erosion and deposition evolution
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