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A Study on the Neural Network Diagnostic System for
Rotating Machinery Failure Diagnosis

Songmin Yoo and Sang-Shin Park*
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Abstract —In this study, a neural network based diagnostic system of a rotating spindle system supported by
ball bearings was introduced. In order to create actual failure situations, two exemplary abnormal status were
made. Out of several possible data source locations, ten measurement spots were chosen. In order to discrim-
inate multiple abnormal status, a neural network system was introduced using back propagation algorithm
updating connecting weight between each nodes. In order to find the optimal structure of the neural net-
work system reducing the information sources, magnitude of the weight of the network was referred. Hinton
diagram was used to visually inspect the least sensitive weight connecting between input and hidden layers.
Number of input node was reduced from 10 to 7 and prediction rate was increased to 100%.
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Table 1. Comparison of AE level measured at 10 locations for various operating conditions

Location ® @ ®

® @ @ O ® ®

Status
Normal(A) 422 4.16 3.89 3.79
Incut(B) 13.88 8.92 4.10 4.87
Outcut(C) 10.72 9.82 5.56 7.75

0.84 1.65 097 1.17 1.82 0.78
6.05 3.55 5.56 423 5.05 5.05
1233 1233 297 297 5.59 5.59
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Table 4. Prediction rate for various structure with
three elements removed

Prediction Network structure
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