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Method and Application of Equipment Fault Diagnosis Based on
Sparse Coding and Extreme Learning Machine
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Abstract: In this paper, a fault pattern recognition method of rolling bearing based on sparse coding
and extreme learning machine (ELM) was proposed to solve the problem of fault diagnosis of rolling
bearing under complex working conditions and massive detection data. First, the K-SVD method was
used to learn adaptive atomic dictionaries for massive data samples. On this basis, the Orthogonal Matc-
hing Pursuit (OMP) algorithm was used to perform sparse encoding. Then a data-driven ELM network
model and input sparse encoding into the ELM model were built. Finally, the model output was used to
realize intelligent identification of different fault types and different fault degrees of rolling bearings.
The validity of the proposed method was verified by practical experimental analysis, and the ELM model
was compared with traditional temporal and frequency domain indices and principal component analysis
(PCA) for input. The BP neural network and support vector machine (SVM) models were compared
and analyzed. It is proved that the proposed method has better diagnostic accuracy and reliability.
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