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Road Extraction Method from Remote Sensing Images Based on GQA—AssemFormer

XIE Yong
(Sichuan Transportation Survey and Design Institute Co., Ltd., Chengdu 610000, China)

Abstract: In view of the problems of road structure breakage and disappearance, background mis-extraction caused by complex ground objects
when extracting road structure by the current models, we proposed a remote sensing image road extraction method with synchronous encoding of
multi-scale local detail features. The encoder network was built with grouped query attention-assembly-based convolutional vision transformer
(GQA-AssemFormer) to synchronously encode the details and global context features in the feature maps of each scale. The efficient upsample
block (EUB) unit was used to finely upsample the deep feature map, and the shuffle attention (SA) unit was used to weight and filter the sampled
feature map. Taking the combination of generalized DiceLoss and adaptive threshold FocalLoss as the loss function, the model is optimized for
the segmentation accuracy of complex road edges through paranoid learning of road samples. Experimental results show that the constructed
model has an F;-score of 90.27% and 90.85% on DeepGlobe Road and Massachusetts Road datasets, which are 7.14% and 7.38% higher than the
mainstream model shift window transformer U-shape network. This method can accurately extract road structures of various complexities and
has good extraction accuracy and generalization ability.
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