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Acoustic-optical image fusion underwater target classification method

based on improved MobilenetV2
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Abstract: To solve the problems of low accuracy and high consumption of underwater target classification
under the condition of small samples, an acoustic-optical image fusion classification method is proposed. Firstly,
the Mobilenetv2 network is improved by removing the network layer after layer 9 and changing the channels
to 128. After the dimension reduction by flatten layer, a dense layer is added to get classification results.
Secondly, a fusion network structure is designed, which inputs acoustic image and optical image in pairs for
feature extraction. Then, the extracted feature maps are combined in the middle layer and used for target
classification. Using the real data to train the network, the results show that the improved Mobilenetv2 network
has better classification performance for underwater targets, and the accuracy of fusion network is improved
compared with that before fusion, indicating the applicability in underwater target classification.
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