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Abstract

Due to the increase in energy consumption, and eco-friendly policies, there is a need for efficient energy
consumption in buildings. Anomaly power detection based on deep learning are being used. Because of the
difficulty in collecting anomaly data, anomaly detection is performed using reconstruction error with a
Recurrent Neural Network(RNN) based autoencoder. However, there are some limitations such as the long
time required to fully learn temporal features and its sensitivity to noise in the train data. To overcome these
limitations, this paper proposes the TCN-USAD, combined with Temporal Convolution Network(TCN) and
UnSupervised Anomaly Detection for multivariate data(USAD). The proposed model using TCN-based
autoencoder and the USAD structure, which uses two decoders and adversarial training, to quickly learn
temporal features and enable robust anomaly detection. To validate the performance of TCN-USAD,
comparative experiments were performed using two building energy datasets. The results showed that the
TCN-based autoencoder can perform faster and better reconstruction than RNN-based autoencoder.
Furthermore, TCN-USAD achieved 20% improved F1-Score over other anomaly detection models,
demonstrating excellent anomaly detection performance.
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