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Object detection of cooperative target based on deep learning
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ZHOU Weihu'*, GAO Doudou"

(1.Institute of Microelectronics of the Chinese Academy of Sciences, Beijing 100094, China;
2.University of Chinese Academy of Sciences, Beijing 101408, China)

Abstract: In order to improve the detection accuracy of cooperative target ball used for the precision assembly of large—scale de-
vices by laser tracker in complex scenes, an efficient cooperative target ball detection method based on deep learning is researched.
Firstly, the image features of the cooperative target are analyzed. Then, by using the improved YOLOv2 model, an improved method
based on attention mechanism is proposed aiming to the cooperative target characteristics of multi-scale and large proportion of small
targets. In order to improve the anti-interference ability of the network model in complex background, a method of data enhancement is
also proposed. The test result shows that the proposed improved YOLOv2 network based on attention mechanism and data enhancement
has strong anti—interference ability against complex background and significantly improves the detection accuracy of cooperative target
ball. The detection accuracy on the cooperative target test set has reached 92.25%, which meets the target detection accuracy require-
ments of laser tracker in the large equipment precision assembly.
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Fig.1 Improved YOLOvV2 network based on attention mechanism and difficult sample mining
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Fig.2 Sample images of the cooperative target ball dataset
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Fig.6  Detection results of target ball in different images of classical YOLOv2 network
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Fig.7  Detection results of target ball in different images of improved YOLOv2 network
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