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Abstract: A fast robot sorting method based on lightweight convolutional neural network was proposed to improve the
recognition speed and environmental adaptability, especially for sorting complex objects. Firstly, the MobileNet-SSD al-
gorithm was used to detect and classify the objects based on lightweight convolutional neural network. Secondly, image
preprocessing and edge extraction were used to revise the object locations according to the above object detection results.
The sorting experiments on PROBOT Anno robot arm show that the proposed method can achieve fast detection and lo-

cation for complex objects. Compared with traditional image processing methods, the proposed method is robust to the
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diversity of target morphology and environment.
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