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Abstract

With the recent introduction of smart factories in earnest, the importance of predictive maintenance, which
continuously monitors the state of health of machinery and takes necessary measures in advance, has been
emphasized. The power quality is one of the important factors that affect the health status of facilities. If the quality
of power is poor, many unnecessary costs are incurred. Therefore, it is necessary to predict this in advance and
reduce the cost. In this paper, we propose a method that predicts the quality-related index value and detects the
abnormal situation with the transformer-based long-term time series forecasting model. Here, we utilized DILATE loss
function instead of MSE, due to the characteristics of the power quality time series data, the non-stationary, and the
rapid change in value. As a result, the performance of both forecasting and detection is improved.
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