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Fig. 1 Bitmap of measurement area

d

a, b, and c are the underwater real images of mat basalt, basalt breccia, and volcanic glass respectively.

In d, horizontal axis represents eastern coordinate and virtical axis represents northern coordinate
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Fig. 6 Main feature images of the sample area

Horizontal axis represents eastern coordinate and virtical axis represents northern coordinate
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Fig. 7 Schematic diagram of expanded sample points and experimental areas

In the left figure, horizontal axis represents eastern coordinate and virtical axis represents northern coordinate
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Fig. 10 Classification image of sample region
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Horizontal axis represents eastern coordinate and virtical axis represents northern coordinate. A represents mat basalt, B represents basalt breccia and

C represents volcanic glass
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Table 4 Precision statistics under different decision mesh sizes
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Classification of sediment lithology at the Arctic mid-ocean ridges using
multibeam water column bottom echo intensity information

Cui Xiaodong™* Zhang Feihu' Zhang Tao>® Yang Fanlin® Wan Jiaxin® Ji Xue® Li Jiabiao®

(1. College of Geodesy and Geomatics, Shandong University of Science and Technology, Qingdao 266590, China; 2. College of Earth Sci-
ence and Engineering, Shandong University of Science and Technology, Qingdao 266590, China; 3. Second Institute of Oceanography, Min-
istry of Naturel Resources, Hangzhou 310012, China; 4. Ocean Acoustic Technology Laboratory, Institute of Acoustics, Chinese Academy of
Sciences, Beijing 100190, China; 5. Acoustic Science and Technology Laboratory, Harbin Engineering University, Harbin 150001, China;
6. College of Geoexploration Science and Technology, Jilin University, Changchun 130026, China)

Abstract: As a core component of benthic habitat mapping, the detection and classification of deep-sea sediment
provides basic information for deep-sea resource exploration and ecological protection. However, due to the limita-
tion of the resolution of deep-sea acoustic observation, the traditional method of sediment classification based on
multibeam bathymetry and backscatter intensity information suffers from the difficulty of interpretation and low
confidence caused by the mixed sediment on the seafloor. For this reason, this paper innovatively applies multi-
beam water column data to deep-sea bottom classification, and proposes a mixed bottom classification method
based on the multidimensional waveform characteristics of the bottom echo sequence. Firstly, the multidimension-
al bottom echo waveform features are extracted with the help of the sequence echo information of the interaction
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between the water body and the seafloor; secondly, a decision fusion classification model under the constraints of
water column bottom echo abundance interpretation is constructed by taking into account the mixing of sediments
within the intrinsic observational resolution; lastly, the experiments are carried out by using the Arctic shipborne
multibeam data for the classification and abundance estimation of the three kinds of sediments, including the sheet
basalt, the basalt breccia, and the volcanic glass, the overall accuracy and Kappa coefficient reached 92.46% and
0.89, which are increased by 11.05% and 0.21 respectively compared with the traditional sonar image classification
method, providing a new strategy for spatial prediction mapping of deep seabed benthic environment.

Key words: water column bottom echo feature extraction classification of sediment abundance decision fusion
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