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Application of Deep Learning in
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Abstract : The traditional mechanical equipment condition monitoring extracts the feature values from the vibration sig-
nals collected in the field according to engineer’s experience to construct the feature space by using the feature values, and
performs clustering and classification in the feature space to realize the classification of the equipment state. However, this
method seriously relies on expert’s experience, and the effect is limited by several factors such as signal acquisition noise
etc. Therefore, based on the classical one-dimensional and two-dimensional convolutional neural networks, two intelligent
fault diagnosis methods for mechanical equipment are proposed. The performances of the two models are compared mutual-
ly according to the dataset published by the bearing data center of Case Western Reserve University. It is concluded that the
intelligent diagnosis method based on one-dimensional convolutional neural network is more suitable for one-dimensional vi-
bration signals. This method is applied to the pump equipment of the petrochemical plant. It is proved that this method can

realize the feature adaptive extraction and has a better fault diagnosis effect.
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