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Abstract: To address the insufficient segmentation accuracy of lightweight SegNet models for small targets and image edges in remote sensing

images, we proposed an improved LRL-SegNet model for precise extraction of scattered distribution winter wheat. The improved model incorporates

a local relation layer (LRL) after each decoder module, and used convolutional operations and ReL U activation to strengthen feature representation

capabilities. Experimental results from winter wheat extraction in Shijiazhuang City, Hebei Province, China demonstrate that LRL-SegNet model

achieves a 1.2% accuracy improvement compared to SegNet model. While both models perform well in large-scale uniformly planted winter

wheat areas. LRL-SegNet model exhibits superior performance in scattered planting regions, which more completely extracts scattered winter

wheat distributions, reduces fragmented segmentation artifacts, and produces segmentation results with enhanced consistency and spatial

continuity. These findings indicate that the introduced LRL mechanism significantly enhances the model’ s discriminative capability in complex

agricultural environments, yielding more precise extraction results for winter wheat monitoring applications.
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