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Abstract: Since the camouflaged object being highly fused with the background, the existing object detection models based on deep
learning have poor detection performance on such objects. Based on the YOLOvVS5s model, a camouflage object detection model
combining depth separable convolution and dynamic attention is proposed to improve the detection accuracy. Aiming at the difficulty of
feature extraction of camouflaged object,combined with the structure of depth separable convolution and residual ,a new feature extraction
module is designed,and the original backbone network is improved, which not only enhances the extraction ability but also reduces the
number of parameters of the model. Aiming at the difficulty of positioning camouflaged object, the dynamic attention mechanism is
introduced into the aggregation network to strengthen the spatial perception ability of the model and make the positioning of the
camouflage object more accurate. Experimenting on a public camouflage dataset, CAMOU-YOLO’s mAP@0.5,mAP@0.75 and mAP
@0.5.:0.95 are 3.2% ,5.1% ,2.3% higher than the original model, and recall rates on large, medium, and small objects are 4. 1% ,
2.7% ,1.2% higher, respectively. At the same time, the parameter quantity is reduced by 9. 7% . Compared with the other seven
detection algorithms, CAMOU-YOLO also has advantages in detection accuracy, which verifies the validity of the proposed model for
camouflage target detection tasks.
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