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River Contour Extraction Based on UAV Optical Image and Improved U—Net Model
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Abstract: The contours of river trunks and small tributaries cannot be accurately recognized and extracted under complex backgrounds. Aiming

to this problem, we constructed a new semantic segmentation model UNetMformer based on high-resolution UAV optical images. By comparing

the river contour extraction results of UNetMformer model with those of classic U-Net and DeepLabV3+ in various actual scenarios, we verified

the advantages of UNetMformer model. The results show that the UNetMformer model, by virtue of its unique global and local attention mecha-

nism, has significant advantages in river contour extraction. UNetMformer exhibits the most complete river contour extraction at different scales,

fewer misclassifications and omissions, and more delicate extraction of the edge areas. The model achieves the optimal values in different evalua-

tion indexes, with an average F1-score of 96.06%, the IoU of 92.49%, and the Kappa coefficient of 95.74% in various scenarios, which proves

the wide applicability and high efficiency of UNetMformer model in coping of river extraction. This method not only provides a new perspective

for river extraction, but also provides a strong technical support and reference for research and application in related fields.
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