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Abstract : To solve the inconvenience caused by the failure of the manual identification optical network unit,automatic fault identification
can be realized from machine vision. The success of the ImageNet Challenge has promoted the leap —forward development of object
recognition technology ,especially the convolution—based deep learning technology has reached the human level in visual recognition,
providing a technical basis for automatic identification of optical network unit malfunctions. We study the working status of optical
network units,divide the working status of equipment into seven scenarios,and put forward a solution of using the mobile phone APP to
collect pictures to identify faults and put it into actual production. We focus on the design and implementation of the deep learning
module and propose a comprehensive method of object detection and image classification by algorithm integration, which is in three
stages , solving the problems of image filtering , optical network unit model and status recognition, and finally achieving the automatic iden-
tification of optical network unit faults based on computer vision. Saving human resources while reducing user waiting , the end—to—end ac-
curacy rate of the product exceeds 84% ,the recognition speed reaches 10 FPS,and the monthly service provides more than 10 000 times.
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