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Visual inspection method for the angle attitude of harness terminal
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2.Jihua Laboratory, Foshan 528234, China)

Abstract: As an important component of harness production, it is one of the research topics in the field of automobile in-
telligent manufacturing to detect the attitude of terminals by using visual imaging. The machine vision is usually used to
obtain the attitude of the terminal in the automatic terminal rotation-angle detection equipment. In this paper, a visual
detection method for the angle attitude of harness terminal is proposed, which uses the motor to rotate the terminal at a
constant speed of 90 degrees. and continuously collects images during the rotation process to obtain the rotation image
sequence of the terminal. According to the imaging characteristics of the terminal in the rotation process, we can find the
image of the metal face and extract ROI image. Taking the ROI image as the object, the terminal template library is used
to match and determine the category of the metal surface, so as to calculate the rotation angle of the terminal and trans-
mit it to the motor. A large number of experimental results show that the proposed method can effectively identify the
angle attitude of the terminal, and calculate the rotation angle quickly and accurately, which can meet the requirements
of industrial intelligent manufacturing.
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