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Target Detection Method of Apple Harvesting Robot
Based on Improved YOLO v5

Hu Shilin', Chen Wei', Zhang Jingfeng', Wei Qingyu', Jin Xueguang’

( 1.School of Electronic and Information , Jiangsu University of Science and Technology , Zhenjiang 212003, China
2. Changzhou Information Vocational and Technical College , Changzhou 213164 , China )

Abstract; In order to achieve rapid detection of apple picking robot targets in complex environments, and overcome the
shortcomings of traditional YOLO v5 network structure and weak computing performance, a target detection method based
on depthwise separable convolution YOLO v5 is proposed. After collecting apple sample images and making experimental
data sets, model training and testing are performed, and a depthwise separable convolutional YOLO v5 network is intro-
duced to extract features from apple images, which solves the problem of parameter redundancy in the network and im-
proves the recognition speed of picking robots; The CloU~-Loss loss function and the DIoU-NMS non-maximum suppres-
sion method are used to optimize the loss function and improve the positioning accuracy of the robot vision system for ap-
ples. The results of the robot picking experiment show that the detection accuracy of the algorithm is 95.8%, the detec-
tion speed is 53 frames per second, the single picking time of the robot is 4.7s, and the picking success rate is 93.9%.
The detection method can ensure detection accuracy and efficiency while reducing model parameters, and has strong engi-
neering practicability.

Key words ; apple picking robot; object detection; YOLO v5; depthwise separable convolution
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