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Deterioration Estimation of Facilities from Train Driver’s View Images
using One Handy Camera

OHiroki Mukojima, Nozomi Nagamine, Wataru Goda

(Railway Technical Research Institute)

Signalling and communications facilities in the railway are installed not in one place but scattered out along
track-side between adjacent stations. For this reason, a great deal of labour is currently required in
maintenance work for performing individual inspections, and in facility management work for ascertaining
the installed positions and their types. In order to reduce the workload in maintenance, there is a
requirement for a system that can automatically recognize and inspect the equipment without going to the
site. Therefore, we are developing a system that supports the maintenance work of signal equipment using
only a handy camera. Our system is that assists ledger management by recognizing signal and
communication equipment from the video obtained by the handy camera and estimating the location and
deterioration of the equipment. This paper describes the outline of our system and the estimation results of

a study on a deterioration of the equipment by deep learning.
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