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Abstract: Since most mechanical equipment includes rotating machines, rapid failure detection and
diagnosis of rotating machinery is essential to manage mechanical equipment to operate normally.
Traditional signal processing methods have the inconvenience of having to analyze the data
characteristics of the domain and extract valid features manually every time the domain changes in order
to diagnose a specific machine failure. In contrast, the methods using deep learning automatically extract
valid features regardless of the domain, but they face the challenge of securing a large amount of data
to train a deep neural network. In this study, we extract universal features widely used in traditional
signal processing methods and apply the Relief-F algorithm to automatically select valid features.
Finally input them into a shallow multi-layer perceptron (MLP) classifier, which can be trained with
relatively little training data, to detect and diagnose machine failures regardless of the domain. As a
result of applying the proposed method to the MaFaulDa dataset, it showed an accuracy of 99.95% for
both fault detection and diagnosis when using a 256-dimensional feature vector. Even when the feature
vector was reduced to 64 dimensions, the fault detection and diagnosis accuracy were 99.75% and
99.65%, respectively. These results show that the proposed method is effective in detecting and
diagnosing failures in rotating machinery.

Keywords: Rotating Machinery, Fault Detection and Diagnosis, Relief-F Algorithm, Multi-Layer
Perceptron (MLP)
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[Fig. 1] Configuration of a Device for Collecting Vibration Data of a Rotating Device [16]
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[Table 1] Configuration of the MaFaulDa Dataset

State Variation description (No. of measurements) Sum of
measurements
Normal (49) 2
Imbalance 6g(49), 10g(48), 15g(48), 20g(49), I3

25g(47), 30g(47), 35g(45)
Horizontal misalignment 0.5mm(50), 1.0mm(49), 1.5mm(49), 2.0mm(49) 197
0.51mm(51), 0.63mm(50), 1.27mm(50),

Vertical misalignment 1.40mm(50), 1.78mm(50), 1.90mm(50) 301
Inner bearing faults Ball fault: 0g(50/49), 6g(49/43), 20g(49/25), 35g(38/20) 558

i Cage fault: 0g(49/49), 62(48/49), 202(49/49), 35g(42/41)
Outer bearing faults Outer race: 0g(49/49), 6g(49/49), 20g(49/49), 35g(37/41) 513
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[Fig. 2] Raw Signal and its Two Down-sampled Signals with Different Start Position
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[Fig. 3] Configuration of the MLP Classifier
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[Table 2] Classification Accuracy with Different Down-sampling Frequency

Sampling frequency Fault detection Fault diagnosis
1kHz 99.90 % 99.04 %
0.5kHz 99.85 % 98.49 %
0.25kHz 99.75 % 97.83 %
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[Table 3] Classification Accuracy with Different k at Relief-F Algorithm

k Fault detection Fault diagnosis
5 99.90% 99.90%
10 99.85% 99.95%
30 99.95% 99.90%
50 99.90% 99.80%
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[Table 4] Classification Accuracy with Different Dimension of Feature Vector

N Fault detection Fault diagnosis
32 99.70% 98.14%
64 99.75% 99..65%
128 99.85% 99.95%
256 99.95% 99.95%
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[3 5] ¥ AFEFe] Ae Hlal

[Table 5] Performance Comparison with related Studies

Method Features (N) Rati(goc i)efsirzi;;lata Falizgiiggm

Alzghoul [5] handcrafted features (31) 90: 10 97.10%

Ribeiro <|[8] handcrafted features (19) 90: 10 96.43%

Wang <][14] CNN-generated features 80: 20 99.30%

Feature selection (32) 80: 20 98.14%

Proposed method Feature selection (128) 80: 20 99.95%
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