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Abstract: SAR Automatic Target Recognition (ATR) is a key task in microwave remote sensing. Recently,
Deep Neural Networks (DNNs) have shown promising results in SAR ATR. However, despite the success of
DNNs, their underlying reasoning and decision mechanisms operate essentially like a black box and are
unknown to users. This lack of transparency and explainability in SAR ATR pose a severe security risk and
reduce the users’ trust in and the verifiability of the decision-making process. To address these challenges, in
this paper, we argue that research on the explainability and interpretability of SAR, ATR is necessary to enable
development of interpretable SAR ATR models and algorithms, and thereby, improve the validity and
transparency of Al-based SAR ATR systems. First, we present recent developments in SAR ATR, note current
practical challenges, and make a plea for research to improve the explainability and interpretability of SAR
ATR. Second, we review and summarize recent research in and practical applications of explainable machine
learning and deep learning. Further, we discuss aspects of explainable SAR ATR with respect to model
understanding, model diagnosis, and model improvement toward a better understanding of the internal
representations and decision mechanisms. Moreover, we emphasize the need to exploit interpretable SAR

feature learning and recognition models that integrate SAR physical characteristics and domain knowledge.

ks E B 202005-11; BlEl HHH: 2020-06-17: W45 HIR: 2020-06-30

SEEEE:  HKIEHE zenghui.zhang@sjtu.edu.cn *Corresponding Author: ZHANG Zenghui, zenghui.zhang@sjtu.edu.cn
FETH: EHE B RFIES G 34 (U1830103)

Foundation Item: The National Natural Science Foundation of China(U1830103)

THUEE: 484l Corresponding Editor: ZOU Huanxin


http://radars.ie.ac.cn/CN/10.12000/JR20059
http://radars.ie.ac.cn/CN/10.12000/JR20059
http://radars.ie.ac.cn/CN/10.12000/JR20059
http://radars.ie.ac.cn/CN/10.12000/JR20059
http://radars.ie.ac.cn/CN/10.12000/JR20059
http://radars.ie.ac.cn/CN/10.12000/JR20059

31

FRHEIHSE: SAREUG H AR TR B AT R I ] R 463

Finally, we draw our conclusion and suggest future work for SAR ATR that combines data and knowledge-

driven methods, human-computer cooperation, and interactive deep learning.

Key words: SAR; Automatic Target Recognition (ATR); Deep learning; Explainability and interpretability;

Explainable machine learning
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Fig. 2 The Optical image and SAR image samples of T62 tank at different azimuth angles in MSTAR dataset
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Fig. 7 Explainable SAR automatic target recognition
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