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Application of infrared thermal imaging in monitoring of

electrical connection temperature
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Abstract: One of the feasible methods of on-line temperature monitoring of the electrical contact of the
railway contact network is to use the infrared thermal imaging technology to obtain the electrical
connection thermogram and the corresponding full-width data graph. In the monitoring method, the
accurate identification of the electrical connections in the thermogram is the necessary basic work. This
paper proposes an electrical connection location method which is based on deep learning of YOLO2
model on the basis of infrared thermal imaging. The YOLOZ2 model is used to directly detect the
electrical connection area and achieve the positioning function. The K-means clustering analysis is used
to remove the background interference of the electrical connection area and obtain the accurate pixel
position of the electrical connection. The experimental results show that the proposed method can

mobilize the limited hardware calculation ability to locate the electrical connection area quickly and
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accurately, and obtain a more accurate temperature value.

Keywords: target detection; deep learning; electrical connection; infrared thermal imaging
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Fig. 1 Detection process of electrical connection
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