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Non—agriculturalization Detection Method Based on Vector Data and Deep Learning
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Abstract: Existing non-agriculturalization detection methods often rely on manually labeled samples. Additionally, the intra-class variability in

remote sensing images can restrict the model’ s generalization ability. To address this, we proposed a non-agriculturalization detection method

based on vector data and deep learning. Firstly, we used the simple linear iterative clustering algorithm to perform superpixel segmentation on

two periods of images, and used adaptive cropping to generate samples. For the earlier time period samples, we introduced a self-labeling framework

to achieve sample labeling and purification, and obtained training set. For the later time period samples, we retained the cultivated land vector

plots as the prediction set. Then, we employed a semi-supervised contrastive learning framework for sample training and prediction. Finally, by

integrating non-agriculturalization rules and post-processing methods, we detected the regions of non-agriculturalization. The proposed method’s

effectiveness was validated in the Huishan District, Wuxi City, specifically in the Qianzhou Street area, yielding an accuracy of 90.28% and a

recall rate of 91.68%, providing strong technical support for non-agriculturalization detection.
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