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Abstract

Rolling bearings are important parts of mechanical equipment, if not timely detection of failure
will cause significant losses. In order to solve this problem, this paper proposes the feature ex-
traction of the waveform by singular value decomposition (SVD), and input the extracted feature
into the deep belief network (DBN) for fault diagnosis. Firstly, the input signal is reconstructed
and is decomposed by singular value, and then the singular value is taken as the characteristic,
which is taken as the input of the deep belief network (DBN) for fault diagnosed. Experiments
show: In many experiments, comparison with existing support vector machine (SVM) fault diag-
nosis method, the accuracy of the proposed method is 98.4%, the variance is 0.42, the diagnostic
speed is 0.3 seconds, and the diagnostic accuracy of the existing SVM diagnostic method is 94.7%,
the variance is 0.50, and the diagnostic speed is 0.6 second. The method proposed has good accu-
racy, stability and fastness.
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Figure 1. Algorithm structure
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Figure 2. Restricted Boltzmann model
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Figure 3. Bearing vibration signal
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Figure 4. Singular value distribution curve
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Figure 7. Global training accuracy
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