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Fig.1 Transfer learning
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Fig.2 Instance-based method of transfer learning
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Research Progress and Prospect of Small Sample Target Recognition Based on
Transfer Learning

Zhou Kuang, Jiang Ming
Northwestern Polytechnical University,Xi’an 710129, China

Abstract: In the task of target recognition under complex environment such as sky, space and sea, there are often
less high-quality sample data. Especially in the context of interference and countermove, it is difficult to obtain target
information in some specific fields, and there are few reliable labeled data. The small sample problem brings new
challenges to the application of deep learning technology in target recognition. Transfer learning provides a new
research idea for target recognition under small sample and uncertain environment. Aiming at the problem of small
sample target, this paper introduces the main ideas and methods of transfer learning and summarizes the progress of
the application of transfer learning in sea target recognition by taking airborne radar and other airborne sensor
information as an example. The main challenges of transfer learning in sea target recognition are analyzed and
summarized. Finally, the requirement of technology and future direction of development for interpretable and robust
sea target recognition are prospected.

Key Words: transfer learning; deep learning; target recognition; sea target; causality
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