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SAR Object Classification via Multi-Teacher Knowledge Distillation
with an Uncertainty Module

Chanju Kim” and Jayhoon Jung™*

49 /N @lolE(Synthetic Aperture Radar) A2 974 BAF Fofol A &4 2l =)
& Agd BRel ool vk ol B E=&Exe st Adds N7 Hs Adaptive
Uncertainty-Responsive Aggregation for Knowledge Distillation (AURA-KD)2l= MZE ZHAYAE Alotetch Atd Zgd9)a
© AR ghsE el JJ_*} 2d3} ofd WA oFF FEate 2l } Rds Agste A 2l AXg FHE S
S AEeit) 53, 7 2AF B9 oS et QERZDE Atele BEFANS Hrlela, olF VN E AME & WAL
AXE $HACE FYshE Uncertainty EES =0T o] &S SZelql B 2l WA B o3 dEZT S} &4 7H9)
AL THHLE A, EFA]o] 2 AR FEdp IFde FAE EHHoR gtk Aoke WH2 OpenSARShip
7 MSTAR to[elAls tido 2 g AFoA 7]E Woj2zel B gy 53 A= Yeilh

E}:J

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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