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Study on Multi-Distributed Resource Arc Fault Detection using
Unsupervised Learning-based Autoencoder Model
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In recent years, there has been a growing interest in green energy to response to climate change, and the demand
for distributed resources is increasing. Distributed resources significantly enhance power grid stability compared to
centralized systems, but they can compromise the safety of the grid in the event of a fault. In particular, among
power conversion device faults within distributed resources, arc fault is the most representative phenomenon that
causes damage to the device and fire hazards. Therefore, to detect arc faults in distributed resources, this paper
proposes an unsupervised learning models based on autoencoder for Energy Storage System(ESS) and Photovoltaic
(PV) arc fault detection and analyzes the results. Experimental results showed that the variational autoencoder model
provided the highest performance with an accuracy of 98.71%.
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