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[ Abstract] Due to the limited re€eption domain, the existing multi-scale Convelutional Neural Networks( CNN) often fail
to model spacestargets with super-scale variation.In order to solve this problem, a Hyper-Scale Self-Guided Attention Networks
(HSSGAN) recognition framework for remote sensing ships is proposed.The framework employs a lightweight super-scale
subspace modul€ connected by groups to capture the super-scale feature and scale invariance of the ship.Then the super-scale
feature map is refined gradually by using the self-guided attention, and a long-term dependency relationship is established
between the super-scale local and global semantics adaptively-torenhance the difference of the feature maps between classes.
In addition, irrelevant information is ignored while relevant features are aggregated, so the identifiability of the target ship
can be enhanced.The experimental results show that the HSSGAN method exhibits improved recognition performance with
the F1 value reaching 0.966 78.

[Key words] target recognition; remote sensing images; Convolutional Neural Network (CNN) ; hyper-scale features;
subspace module; group connection
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Fig.3 Recognition effects of different scales
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Table 3 Ablation results of self-directed

attention module

Tridi i i PER iR F1-Score {f
Non‘guided 0.942 07 0.942 32 0.942 20
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HSSGAN 0.961 58 0.973 01 0.966 78
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