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Defect detection algorithm of lotion pump based on deep learning
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Abstract: In order to realize the defect detection of lotion pump in the industrial production, the sam-
ple images at four angles: the top section of pump, the upper section of pump, the lower section of
pump and the tail tube of pump were collected. The classification models of each angle were also con-
structed respectively to detect defect samples at various angles based on the principle of migration
learning and convolutional neural network in deep learning. Firstly, the network model was pre-
trained by the Mini-ImageNet data set. Then, the model structure was adjusted and the parameters of

the pre-training network were loaded. The training set and validation set of each part of the lotion
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pump which were processed with the image pre-processing algorithm were input into the convolutional
neural network for training. According to the accuracy of the verification set during the training
process, the network hyperparameters were adjusted to get the final network model. Finally, the pre-
processed lotion pump test samples were input into the trained model to detect the defect recognition
effect of the final model. The accuracy of the final four angles of defect detection is over 93% , and the
single sample detection time is 2.52 s. The algorithm is superior to the traditional algorithm. The algo-
rithm can be used to design the lotion pump defect detection system which can combine with the in-
dustrial structure to screen out the defective pump body. It can also be extended to the defect detection
of other industrial objects.

Key words: deep learning; transfer learning; convolutional neural network; lotion pump; defect

detection
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Fig.1 Overall block diagram of the algorithm
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Fig.3 Four-angle sample image of the pump
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Fig.4 Result of lotion pump defect detection
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