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tection relies on should be different from those of conventional targets

5
Abstract ; Camouflage uses designed color and texture patterns to disrupt the inherent shape of the target, so the visual features that its de-

However, the black box nature of convolutional neural networks
makes it impossible to know the contribution of different visual features to model recognition. To solve this problem,a new visual feature

decoupling method was designed based on the human visual system, which is suitable for camouflage scenes. This method decouples and

detection of camouflaged object mainly relies on texture, while the detection of conventional object mainly relies on shape
;
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analyzes the preference degree of object detection models on color, texture,and shape features. Specifically,an analysis architecture was

used to eliminate a single feature while retaining the remaining features, and the performance degradation of the model was used as a
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measure of bias. Grayscale processing was used to eliminate the color features of images, region scrambling was used to disrupt the
b B

texture features of targets,and the inner shapes of targets were extracted to change their shape features. Experiments were conducted on

publicly available datasets of camouflaged personnel and conventional personnel detection, respectively, and the results showed that the
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4. end while

5. E =Shuffle( E )

6.whilet € Eandn € P do
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9. return X
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