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Small-sample Connector Defect Detection Method Based on Transfer Learning

DU Juan'? YANG Junzhi'
(1. School of Automation Science and Control Engineering, South China University of Technology, Guangzhou
510641, China 2. Guangdong Provincial Engineering Laboratory for Advanced Chip Intelligent Packaging
Equipment, Guangzhou 510641, China)

Abstract: With the development and improvement of machine vision algorithms in recent years, various deep learning methods
have begun to gradually replace human-eye detection and traditional computer vision methods based on feature selection, and are
applied in many aspects of industrial production to detect all kinds of surface defects that may occur in production. The deep learning
method can extract image features from shallow to deep with the deepening of the network layer. However, because it is data-driven,
it needs a huge amount of data as support, which is contradictory to the small amount of abnormal sample data and uneven distribution
in industrial production. For the above problems, in this paper, using the small-sample connector dataset containing only 325 image
samples, based on the object detection network YOLOVS5, the method based on weight transfer and model adjustment is proposed, and
the network is trained by a combination of freezing and thawing training. Experiments show that for this small-sample data set,
compared with the direct use of the object detection network, this method has higher detection accuracy and faster convergence speed,
which can satisfy the needs of industrial production better.

Keywords: defect detection; deep learning; small-sample learning; transfer learning; electronic connector
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