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Fault Diagnosis Method for Automatic Machine Using Artificial Neutral Network
Based on DWT Power Spectral Density
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Abstract Sounds based machine fault diagnosis recovers all the studies that aim to detect automatically abnormal sound on machines
using the acoustic emission by these machines. Conventional methods that use mathematical models have been found inaccurate because
of the complexity of the industry machinery systems and the obvious existence of nonlinear factors such as noises. Therefore, any fault
diagnosis issue can be treated as a pattern recognition problem. We propose here an automatic fault diagnosis method of hand drills
using discrete wavelet transform(DWT) and pattern recognition techniques such as artificial neural networks(ANN). We first conduct a
filtering analysis based on DWT. The power spectral density(PSD) is performed on the wavelet subband except for the highest and
lowest low frequency subband. The PSD of the wavelet coefficients are extracted as our features for classifier based on ANN the

pattern recognition part. The results show that the proposed method can be effectively used not only to detect defects but also to
various automatic diagnosis system based on sound.
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Fig. 2. Sound signals and their corresponding average
power spectral density: (a) idle sound data, (b) normal
sound data, (c) abnormal sound
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Fig. 3. Frequency subband representation of the DWT

el ouAE AFstel IFH] glom, A
Aol Boh vima wAgR elel grel ofa) of
718 PSDe] BElE fARFE & 5 Tk fiARR Hlo]
B AEE AT A9 54 FE0l o3 BF 4ol
Aokd % o7l WEel, B eRolde W 4ee
AAST % el BTk v Ay el
T4 PSDe| EA& axHor FZ317] ¢Js DWT
71 PSDE B3 59 F2YUL Ak

2% 3 480 DWT Rslo] w2 Fu5 Frjee
»}E}»ﬂ Aelth, Fahs polele el ddol wet 112

A&, 24400 W 19 % FojelcD)e
22.05kHZ~44.lkHZ dogoz 2o x3tE F = F
telolm, Hajsle] @M 4o AF RrjelcA)e
0-2.76kHz GH O AeE FAe] B Prheols]
mzo] o] % Ao Fride Aelg tix Fricol
Ul PSD At 54 FEe FawT. a9 4x A
@ o) BEEE e Zolt.

e o

Sound data acquisition

v

Denoising with a Daubechies
4 level wavelet decomposition

v
Extraction subband of DWT
(cDy, cDs, cDy)

v

‘ Power spectral density ‘
v

‘ Input selection for ANN }7
v v

‘ Training of ANN ‘ Test Dataset ‘

v
‘ Trained ANN

v

‘ Fault diagnosis

Fig. 4. Flowchart of the proposed method
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Fig. 5. Average power spectral density of idle sound: (a) cD»
of DWT, (o) cDs of DWT, (c) cDs of DWT (d) cAs of DWT
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Fig. 6. Average power spectral density of normal sound: (a)
cD» of DWT, (b) cDs of DWT, (c) cDs of DWT (d) cAs of DWT
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Fig. 7. Average power spectral density of abnormal sound: (@)
cDz of DWT, () cDs of DWT, () cDs of DWT (d) cAs of DWT
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Fig. 8. Our network: 4,834 inputs neurons, 10 Hidden
neurons and 3 Quiput neurons
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Fig. 9. Performance table
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Fig. 10. Relationships between categorization accuracy and
number of hidden neurons
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Fig. 11. Confusion matrix of all dataset (class 1: idie class
2: normal, class 3 : abnormal)
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