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This paper presents a one-shot learning technique for
automatically identifying ship noise emitted underwater.
The proposed learning technique overcomes the
dependence of the learning data of the existing
supervised learning-based deep learning technique and a
model that can identify the same ship with only a single
signal sample. As a result of verifying the performance
through open data-based experiments, it was confirmed
that the clarity of the target ship was predicted with an
accuracy of 72.5% in the situation of five candidates.

Ats HA Q1Z|(Automatic Target Recognition),
M|E} S&(Meta Learning),

HAF SHE(One-shot Learning),

AHF AZ(Ship Noise)
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Fig. 1. Concept of the proposed method
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Fig. 2. Neural network structure of the proposed method
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Fig. 3. Learning curves
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