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Abstract

Synthetic Aperture Radar (SAR) images are of key importance in the field of remote sensing. However, the complex structural
characteristics of these images pose significant challenges for accurate classification. In this paper, we propose a novel framework,
Adaptive Uncertainty-Responsive Aggregation for Knowledge Distillation (AURA-KD), with the aim of improving the accuracy and
robustness of SAR image classification. The proposed framework adopts a learning approach to distill knowledge into student
models by combining pre-trained offline teacher models and online teacher models that utilize the predictions of previous batches.
In particular, the present study introduces an Uncertainty module that evaluates uncertainty by calculating the entropy of each
teacher model's prediction and prioritises the knowledge of more reliable teachers. This module undertakes a comprehensive
analysis of the relationship between the prediction entropy and the loss of offline and online teacher models, thereby providing an
effective solution to the problem of over-relying on information with a high degree of uncertainty. In experiments on the
OpenSARShip and MSTAR datasets, the proposed method has been shown to outperform the existing baseline model.
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Table 1. Experimental results on the OpenSARShip dataset

Dataset Network Accuracy
ResNet50 84.51
ResNet18 80.19
VGG11 82.72
OpenSARShip KD 84.83
Self-KD 71.65
AURA-KD (Backbone: ResNet18) 95.57
AURA-KD (Backbone: VGG11) 91.36
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Table 2. Experimental results on the MSTAR dataset
Dataset Network Accuracy
ResNet50 91.18
ResNet18 88.86
VGG11 95.14
MSTAR KD 95.88
Self-KD 82.73
AURA-KD (Backbone: ResNet18) 99.84
AURA-KD (Backbone: VGG11) 99.79
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