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Capping Defect Detection Based on Deep Autoencoder Network

ZHANG Hong-bo,SUI Wen-tao, YUAN Lin,LI Chang—an,LU Hai-bin
(School of Mechanical Engineering, Shandong University of Technology,Zibo 255000 , China)

Abstract: In the process of oral hydraulic cap,there will be problems such as poor capping,and the bottle cap may have defects such as
scratches, scratches , surface curling and capping damage. To ensure the safety of food and drugs, it must be tested before leaving the
factory. In the research process of oral liquid bottle capping defect detection based on deep learning, the traditional convolutional neural
network is used to train the oral hydraulic cap defect data set, which requires manual annotation and has low efficiency. In order to
effectively solve the above problems,an unsupervised learning deep convolution denoising autoencoder network model is designed for the
quality detection of oral liquid bottle caps,and the structural similarity SSIM is used as the loss function. The quality image of the oral
hydraulic cover is preprocessed to establish a qualified product image data set,and then a denoising autoencoder network model based on
a convolutional neural network combined with a multi-layer perceptron is constructed. The model only uses non-defective product
images for training and learns the features of non—defective products. The defect images are reconstructed into non—defective images and
then subtracted from the defective images to obtain a residual image containing defect information. The experiment shows that the
proposed method can well identify the capping defects of oral liquid bottles, with an accuracy rate of 95.2% ,and has ideal generalization
ability and robustness.
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