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Abstract: At present, the instance segmentation of visible ship images remains a highly challenging task. Most instance
segmentation algorithms cannot effectively segment ship images in complex scenes due to the intricate and variable
nature of ship images. A segmenting objects by locations based on attention (SOLOA) algorithm for ship instance seg-
mentation, which utilizes the spatial attention mechanism to maximize the instance information in the classification fea-
tures, is proposed in this paper. Here, the interrelationships between the image instances are modeled and fused with seg-
mentation features. Training and testing results of the newly constructed ship image dataset show that the improved net-
work model can effectively enhance the instance information in the network features and reduce the background inter-
ferences. The accuracy of ship instance segmentation by the SOLOA algorithm is higher than that of other algorithms;
hence, the proposed algorithm can be effectively adapted to meet the demands of ship segmentation in complex scenes.
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one-stage instance segmentation; visible light image
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