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Fault Diagnosis of Modular Multilevel Matrix Converter Based on CNN-
GRU Deep Learning
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Abstract: Modular multilevel matrix converter (M3C) is a low-frequency power transmission AC-AC converter used for offshore
wind power generation. In order to improve the reliability and stability of M3C operation, it is necessary to have an efficient and ac-
curate diagnosis method for the open circuit fault of IGBT in its submodules. Therefore, a deep learning fault diagnosis method based
on the combination of convolutional neural network (CNN) and gated loop unit (GRU) is proposed. On the basis of analyzing the
operating conditions of M3C submodule, wavelet packet analysis is performed on the original fault data, the high-frequency
components of which are converted into two-dimensional fault images through temporal image conversion as the training and valida-
tion dataset for deep learning, and the features of the high-dimensional data are extracted by CNN, and then the data is optimized and
trained by GRU, so as to realize the diagnosis identification of the M3C fault categories. Compared to traditional methods, this
method has more accurate and fast fault diagnosis capabilities.

Key words: modular multilevel matrix converter; wavelet packet analysis; convolutional neural network; gate recurrent unit; fault
diagnosis
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Fig.1 MB3C topology structure
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Fig.2 Topology structure of M3C bridge arm
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Fig. 3 Internal structure of the full bridge sub-module
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Fig. 4 Failure mode of the full-bridge sub-module
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Tab.1 IGBT open circuit fault conditions of sub-modules
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Fig.6 Wavelet packet decomposition structure
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Fig. 10 Comparison of M3C simulation current waveforms
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Fig. 12 Partial signals to GASF pictures
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Tab.3 Comparison of diagnostic effects of different high-
frequency signal inputs
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Tab.4 CNN-GRU network parameter settings
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Fig. 13 Comparison of diagnostic effects of different deep
learning models
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Tab.5 Comparison of diagnostic results of different deep
learning models

LT TR 2 2 B BWTHET /% Pk R
CNN-GRU 98. 10 0.0158
GRU 97.13 0.0215
LSTM 96. 69 0.024 1
CNN 95.90 0.0276
CNN-LSTM 97.54 0.0163
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Tab.6 Comparison of diagnostic efficiencies of different deep
learning models

B2 W TR L 27 > B Y ZRasfal/s NI
CNN-GRU 35.40 0.24
GRU 39.25 0.27
LSTM 48.73 0.42
CNN 54.49 0.48
CNN-LSTM 45.51 0.35
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