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Fig.2 Samples retrieved from the Gaofen Image Dataset (GID) for training the Swin—UNet model
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Abstract: Objective Shorelines of rivers and lakes constitute the critical interface between inland water bodies and adjacent terrestrial

systems, functioning as key transitional zones that regulate flood storage, buffer hydrological extremes, and maintain aquatic - terrestrial

ecological system. Accurate and timely monitoring of shoreline dynamics is therefore substantial for practical flood risk mitigation, water

resource management, and the planning, protection, and restoration of freshwater ecosystems. This study aims to develop an effective and

reliable deep learning (DL) model to identify shorelines from high-resolution remote sensing imagery, supporting systematic quantification

of their spatiotemporal variation in response to climate and human intervention. Method Deep learning models based on the Swin-UNet
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architecture were set-up to identify water extents, boundaries of which were then vectorized to obtain the shorelines of the study area by
using the Gaofen and Sentinel-2 remote sensing imagery respectively. The Swin-UNet was adopted in this study due todg performance in
capturing both local details and long rwntexmal information, enabling robust delineation of complex sho elir %ﬁ

and monthly shorelines w % om Gaofen and Sentinel-2 respectively for the period 2015@ g

gies. Annual

e y@ined and well
edl\index, fractal

validated Swm UNet 9ntra-annual and interannual variations of shorelines in terms o ‘I\ ve
dimension a on were then assessed.Result The Swin-UNet models, based on both el-2 imagery, achieved
Qj@i‘l reserved geometric details,

a clas racy of water pixel exceeding 90%, with clear, continuous shoreline bounda
antly outperformmg traditional thresholding and machine learning methods. Results bas ofen imagery show that the annual
¢ length of about 7,306.4 km. The results

. However, owing to its higher spatial resolution,

mean area of water extent in the study area was around 314.7 km?, with a correspondin
derived from Gaofen imagery were largely consistent (R’=0.99) with those from S
the water area extracted from Gaofen imagery was about 18.9% larger than that from Sentinel-2, while the shoreline length was
approximately 75% longer. Length of the shoreline showed stronger intra-annual variability (CV=12.8%) than inter-annual variability (CV=
9.0%). Shorelines of artificial water bodies were found more morphologically stable than that of natural water bodies. Composition of
shorelines in the study area exhibited a transition from semi-natural/semi-artificial to artificial shorelines, while natural shorelines remained
relatively stable. Conclusion The study demonstrates that Swin-UNet - based deep learning approaches provide highly accurate, spatially
detailed, and temporally consistent monitoring of river - lake shoreline dynamics, which is essential for effective management, protection,
and restoration of inland aquatic environments. Changes in the composition of the shorelines in the study area were closely associated with
urban spatial expansion and strongly influenced by a series of ecological restoration policies, including the “Grain for Green” program and
wetland restoration initiatives.

Key words: river and lake shorelines, dynamic monitoring, Swin-UNet, Gaofen satellite, Sentinel-2, Chenzhou City
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