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This paper proposed a deep learning training algorithm
utilizing CNN(convolutional neural network) techniques
to estimate the central position of seamount from
seafloor topography images. Approximately 150
seafloor topography images were generated from
bathymetric data near the Korean Peninsula for training,
and the accuracy of sea mount center estimation was
analyzed to model an optimal feature extractor. Based
on the proposed algorithm, pre-analysis of seafloor
topography along the trajectory of underwater vehicles
can contribute to autonomous navigation.
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Fig. 1. Depth data of Korea East Sea
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Fig. 2. Depth data of Korea West Sea
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Fig. 3. Scenario for feature extraction algorithm for
Korean East Sea
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Fig. 4. Scenario for feature extraction algorithm for
Korean Wast Sea with nested undersea mountains
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Fig. 5. Scenario for feature extraction algorithm for
Korean Wast Sea with different slopes
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Fig. 6. Deep-learning result by predicting of center of
the seafloor mountain based on Fig. 3
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Fig. 7. Deep-learning result by predicting of center of
the seafloor mountain based on Fig. 4
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Fig. 8. Deep-learning result by predicting of center of
the seafloor mountain based on Fig. 5
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Table 1. Result of CNN application for prediction of cen-
ter of the seafloor mountain with 90 Images

Extraction accuracy

Algorithm (%)
CNN application 87.41
CNN with gradient-based learning 95.68
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Fig. 9. Error in prediction of center of the seafloor moun-—
tain due to mountains spanning the boundary
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