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Abstract

Due to the high dependence on electric energy, electric fires make up a significant portion of fires in Korea.
Electric arcs by short circuits or poor contact cause three of four electrical fires. An electric arc is a discharge
phenomenon of electrical current between the insulators, which instantaneously produces high temperature. In order
to reduce the fire due to electric arc, this study aims to predict the electric arc risk. We collected arc data from
the arc detectors and converted into graphs based on temporal arc data. We used machine learning for training
converted graph with different number of temporal arc data. To measure the performance of the learning model,
we use the test data. In the results, when the number of temporal arc data was 20, the prediction rate was high
as 86%.
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