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Improvement of the camouflage target detection algorithm of YOLOv8n
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Abstract; Military camouflage plays a crucial role in warfare. Aiming at the difficulties of camouflage detection, high real-time
requirements, and large computation and large number of parameters of existing camouflage detection algorithms, this paper
proposes a lightweight detection model YOLO-FCL based on YOLOv8n. By improving the backbone network and integrating the
lightweight structure PConv into the original C2f network, the FC2f network is designed, which significantly reduces the model
parameters and calculation amount. In addition, in order to enhance the feature extraction ability of the model, LSK attention
mechanism is introduced to dynamically adjust the receptive field size according to the different demands of different targets on the
background environment. Experimental results show that the YOLO-FCL algorithm achieves 95. 6% average accuracy (mAP) and
Recall of 91. 5% on the public camouflage data set with about 23% reduction in the number of parameters, which is significantly
improved compared with the current research results.
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Fig. 6 Comparison of data set annotation and detection results
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