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Abstract: Since one-dimensional feature vectors might not retain temporal feature information, but
neural networks had good effects on image recognition, an image data set constructed by fault sound signals
of centrifugal pumps was used to conduct centrifugal pump fault diagnosis. A Bayesian optimized multi-
scale DenseNet fault diagnosis method was proposed for centrifugal pump sound signals. One-dimensional
time series acoustic signals were transformed into two-dimensional image through Gram angle field, and
the time information and fault characteristics were preserved. Then multiscale dense blocks were used to
extract image features to enhance image feature reuse. The dropout layer and L, regularization method
were used to prevent overfitting, and Bayesian optimization algorithm was adopted to determine neural net-
work hyperparameters. Finally, experimental verification was performed using centrifugal pump acoustic
signals, and comparisons were made with other diagnostic methods. The results show that the Bayesian op-
timization multiscale DenseNet diagnosis model has a fault recognition rate of 99. 5% for the test set.
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Fig.4 Fault diagnosis model of multiscale DenseNet
based on Bayesian optimization
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