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Semi-supervised SAR Image Classification with
Threshold Learning Module
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Semi-supervised learning (SSL) is an effective approach to training models using a small amount of labeled data and
a larger amount of unlabeled data. However, many papers in the field use a fixed threshold when applying pseudo-labels
without considering the feature-wise differences among images of different classes. In this paper, we propose a SSL
method for synthetic aperture radar (SAR) image classification that applies different thresholds for each class instead
of using a single fixed threshold for all classes. We propose a threshold learning module into the model, considering
the differences in feature distributions among classes, to dynamically learn thresholds for each class. We compare the
application of a SSL SAR image classification method using different thresholds and examined the advantages of employ-
ing class-specific thresholds.

B Keyword : Semi-supervised Learning, Pseudo Labeling, SAR Classification, Threshold Train Module
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