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Power quality disturbance recognition method based on spectrogram and
lightweight 2D-DSCNN
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Abstract: In response to difficulties in accurately classifying and recognizing complex power quality disturbance
(PQD) signals, this paper proposes a novel PQD recognition method based on spectrogram and lightweight two-
dimensional (2D) depth-separable convolutional neural network (2D-DSCNN). Time-frequency analysis is applied to
convert PQD signals into spectrograms, so that complex signal data is presented in the form of images. A lightweight
2D-DSCNN model is constructed by using depth-separable convolution technology, and the spectrograms corresponding
to different PQD signals are classified and identified. The feasibility and effectiveness of the proposed method are
verified through simulation experiments. The experimental results show that the method can effectively recognize and
classify various PQD signals with high accuracy and strong anti-noise capability, and the model is lightweight, which is
suitable for the deployment of edge devices and real-time monitoring.
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Figure 2 Schematic diagram of disturbance feature reconstruction based on spectrogram
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Table 3 Comparison of different neural network models
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Figure 8 Comparison of confusion matrices of different neural network models
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