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Semi—supervised Remote Sensing Image Segmentation Method Based on Cross—validation

LI Haofan, LI Juan, KONG Lingyin
(School of General Aviation Institute, Xi’ an Aeronautical Polytechnic Institute, Xi’an 710089, China)

Abstract: Most of the remote sensing image processing methods rely on supervised training, and the model accuracy depends on the labeled data.

Based on the deep learning encoding-decoding semantic segmentation architecture, we proposed a semi-supervised remote sensing image semantic

segmentation method with two-model cross-validation. Firstly, we used a small number of labeled images to iterate the model parameters for

supervised training. And then, we let the unlabeled data pass through the two models to get the pseudo-labels. Finally, we used the pseudo-labels

to perform cross-supervised training. Experimental result shows that the method uses the unlabeled data to train deep learning model, effectively

reducing the training cost.
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