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Abstract: In the Liaohe conservation areas, the boundaries of land features are irregular and
difficult to discern. To monitor encroachments into arable and forest lands within these areas, a
multi-scale layered fusion Swin Transformer module method for land cover classification is
proposed. This method includes a hierarchical feature extraction module with stacked Swin
Transformer modules to capture both global spatial and local contextual information; a multi-
scale feature decoding module for efficient fusion of high-level and low-level features; additional
auxiliary decoding heads for more accurate classification; and comprehensive fusion of features
from two decoding branches. Validation using a land cover classification dataset created from
GF-2 satellite imagery and the publicly available GID-5 dataset shows that the method achieves
average intersection-over-union ratio of 82.83% and 69.05%, demonstrating the best
classification performance compared to other land cover classification mainstream methods.
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Fig. 5 Partial original images and annotated examples from the Liaohe ecological conservation zone dataset
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