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Abstract : With the development of ¢

tection algorithms have achieved grea

puter hafdware and artificial intelligence technology, strongly supervised object de-

lts” However, strongly supervised object detection algorithms need to be trained
on large—scale datasets with hig tion accuracy. But in some specific fields, the above conditions are too demand-
ing. For example, image data

labeled than public datas

datasets to detect the camoufla

amouflage objects commonly used in military are more difficult to be obtained and
refore, this paper adopted a weakly supervised algorithm with lower requirements for
objects in images. Due to the high degree of fusion between the camouflage objects and
the image background, the detection accuracy of the original SPOL(Shallow feature —aware Pseudo supervised Object Local-
ization) algorithm was relatively low. The core of this paper was to integrate the attention mechanism into the SPOL al-
gorithm. After added an attention module, the model could pay more attention to the area with camouflage objects. So,
the detection accuracy of the camouflage objects was improved.
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