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Abstract: The development of deep learning technology has provided a new perspective and method for object recognition, which can accurately

identify shrubland, and has significant implications for ecological monitoring, vegetation management, and environmental protection. Under the

ecological background of Karst mountainous areas, we used the deep learning module provided by ArcGIS Pro platform to recognize shrubland

in Sinan County, Guizhou Province, by employing the U-Net and Deeplabv3+ models. We developed a highly efficient and accurate method for

shrubland recognition and extraction in Guizhou Karst areas, aiming to enhance the automation and accuracy of shrubland recognition, and sup-

port regional ecological monitoring and resource management. The results show that the Deeplabv3+ model outperforms the U-Net model in

shrubland recognition, especially when combined with the backbone model ResNet-50, achieving a recognition accuracy of 91.56% for shru-

bland. The method proposed in this paper has good generalization ability and can be applied to other similar vegetation recognition tasks, provid-

ing technical support for regional resource management and environmental protection.
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