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Abstract Recently, important facilities (e.g. nuclear power plants) located near harbor have been exposed to threats over and under
the water. Therefore, it is expected to realize a harbor monitoring system that can detect and classify threats using underwater acoustic
technology. In our laboratory, we have constructed a harbor monitoring system that can automatically detect and classify acoustic data
acquired by passive acoustic sensors into three types of threats (divers, underwater scooters with divers, and ships) using deep learning.
In this study, we propose a harbor monitoring system that applies learning methods with weakly supervised learning and Between-
class Learning as an attempt to further improve accuracy, and confirmed its usefulness by evaluation experiments. We also examined
the applicability to ecological monitoring of underwater organisms as a new application of deep learning and underwater acoustics
technologies of the harbor monitoring system that we have developed so far, and confirmed that this field could be a promising

application field.
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Fig. 1 Overview of the system.
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Fig. 2 Method I based on weakly supervised learning.
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Fig. 3 Method II based on BC learning.
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Table 1 Number of data in various datasets.

pA | K-y | BB | A

N AN - Hetr
TD_ava 981 76 98 585 1740
TD_ini 535 60 62 585 1242
Th=0.9 845 62 87 585 1579
Th=0.8 885 70 89 585 1629
Th=0.75 8388 70 89 585 1632
Th=0.5 956 70 97 585 1708
Th=0.1 974 76 98 585 1733
TAN by b 77 53 48 119 297
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Fig. 4 Number of correctly classified data vs. thresholds Th.
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Fig. 5 Classification accuracy by BC learning using TD cnn.
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Table 2 Number of data and classification accuracy.

FET I FAN 0K SRR
KR 14 14 92. 9%
frt” 10 10 70. 0%
N7)7 10 10 100. 0%
VAPV 10 10 100. 0%
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