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Abstract

Semi-supervised learning is a good way to train a classification model using a small number of labeled and
large number of unlabeled data. We applied semi-supervised learning to a synthetic aperture radar(SAR) image
classification model with a limited number of datasets that are difficult to create. To address the previous
difficulties, semi-supervised learning uses a model trained with a small amount of labeled data to generate and
learn pseudo labels. Besides, a lot of number of papers use a single fixed threshold to create pseudo labels. In
this paper, we present a semi-supervised synthetic aperture radar(SAR) image classification method that applies
different thresholds for each class instead of all classes sharing a fixed threshold to improve SAR classification
performance with a small number of labeled datasets.
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Layer Input shape | Kernel | Output shape
Conv2D 88 x 88 x 1 3x3 86 x 86 x 32
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