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Camouflaged Object Detection Based on Attention Mechanism and
Multi-scale Features

CAI Jun-min,SUN Han
(School of Computer Science and Technology / Artificial Intelligence , Nanjing University of
Aeronautics and Astronautics, Nanjing 211106, China)

Abstract; An algorithm for detecting camouflaged objects based on attention mechanism and multi—scale features is proposed for the
situation that camouflaged objects have diverse structures, different scales and the object boundaries are highly similar to their
backgrounds. The proposed algorithm is mainly divided into two parts,which are a mixed—scale decoder based on multi-scale features
and an attention—guiding module based on the reverse attention mechanism. The mixed-scale decoder fuses the semantic information of
high-level features with the spatial detail information of low-level features through a cascaded feature fusion unit to decode the feature
pyramid generated by the feature encoder and obtain the preliminary detection results. After that, the reverse attention mechanism is
introduced to guide the network to mine new camouflage cues by erasing the already recognized object regions in the image,and finally
obtain a more accurate and complete camouflage object. The COD10K dataset and four evaluation metrics are used in the experiments,
and the comparison is conducted with thirteen existing algorithms. The experimental results show that the proposed algorithm has better
performance.
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