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Abstract: Aiming at the problems of poor extraction effect and low segmentation accuracy caused by rich features within orchard and similar fea-
tures between orchard and other land-use types from high-resolution remote sensing images, based on DeepLabV3+ semantic segmentation mod-
el, referring to the feature pyramid structure, we took ResNetSt as the backbone network of model, and introduced the criss-cross attention mecha-
nism of CCNet in the orchard feature extraction stage, thereby enhancing the model’ s ability of extracting cross-feature and capturing full
image context information, so as to improve the edge segmentation effect and segmentation accuracy of orchard. Based on the orchard dataset
from the annual change survey database of some counties in Nanchang City, we trained and validated ResNetSt-DeepLabV3+ network model for
orchard extraction. The experimental results show that the orchard extraction accuracy based on this method is superior to the original
DeepLabV3+ and other common semantic segmentation models, and the segmentation accuracy reaches 78.63%. Selecting Yangzizhou Town in
Donghu District and Jingiao Township in Xinjian District as experimental areas to extract orchards in real scenes, the segmentation accuracy is
77.16% and 76.97%, respectively. Compared with U-Net, PSPNet, and DeepLabV3+ semantic segmentation models, the minimum increases are
5.86%, 6.95% and 4.51%, respectively. The ResNetSt-DeepLabV3+ model can obtain the orchard region information from high-resolution
remote sensing images more accurately, and effectively improve the segmentation accuracy of orchard.
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