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Recognition of Disturbances in Power Quality Signals Based on Attention
Mechanism and Bi-directional Long Short-Term Memory

WANG Yizhong', LUAN Zhenguo®, GUO Xiaoyong', XU Suxia', HOU Yong'
(1. College of Electronic Information and Automation, Tianjin University of Science & Technology, Tianjin 300222, China;
2. Hebei Dreete Co., Ltd., Shijiazhuang 050000, China)

Abstract: In this study, basing on deep learning we propose a new model that can perfectly classify disturbances in power
quality signals. This model applies attention mechanism together with bi-directional long short-term memory to construct a
classification network and uses Matlab simulation to generate both training and validation data sets. In the new model, seven
kinds of common composite disturbance signals were considered, and furthermore they were used as sequence data to di-
rectly feed into the network for training and verification. Experiments show that the proposed model could accurately classify
disturbance signals and the recognition accuracy of the model on the validation set could reach 99.7% . It is also found that
the present model outperformed the conventional machine learning algorithms such as support vector machine and multi-
layer perception.

Key words: power quality; disturbance classification; attention mechanism; bi-directional long short-term memory
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Tab.1 Simulation model of single disturbance signals
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