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Abstract: The YOLOv4 network is difficult to be widely used in industry due to its complex
structure, many parameters, and large model size. In view of this problem, an improved
lightweight network based on YOLOv4 is proposed. Firstly, GhostNet is used to replace the
YOLOv4 backbone network, simplifying the network structure and reducing the number of
model parameters; Secondly, in order to make up for the accuracy loss caused by network
simplification, Spatial Pyramid Pooling structure is added after the other two output feature layers
to enhance feature extraction. Thirdly, the attention mechanism of channel, which is Squeeze
and Excitation Network, is added to improve the network’ s ability to extract important
information. Finally, the loss function CIOU is replaced by SIOU to accelerate the convergence
of the model and thus produce a better model. Experimental results show that, on the premise of
meeting industrial requirements, compared with YOLOv4 network, the improved lightweight
network significantly reduces the number of model parameters and the amount of computation,
while improving the detection speed, at the same time, at the expense of less detection accuracy,
thus proving the effectiveness of the improved algorithm in the identification and detection of the
clamping state of the manipulator in the optical fiber plugging task.

Key words: YOLOv4; GhostNet; deepthwise separable convolution; attention mechanism; loss
function
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