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Abstract :

This paper proposes a method of fault detection and diagnosis of agitators based on the wavelet analysis of the current

and vibration signals. The wavelet transform has received considerable interest in the fields of acoustics, communication, image

compression, vision, and seismic since it provides the fast and effective means of analyzing signals recorded during operation. Neural

network is used to diagnose the fault. Specifically, the proposed approach consists of (i) fault detection, (ii) feature extraction, and (iii)

classification of fault types. The results show an effective application of the wavelet analysis on the monitoring of an agitator.
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Fig. 1. Multi-stage filter bank for DWT(2-level).
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Fig. 2. Schematic diagram of experimental set up.
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Table 1. Frequency range in each levels.
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Fig. 3. Fault detection using current signal.
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Fig. 4. Fault detection using vibration signal.

Coefs for approx. at level 11 and for det. from level 11 to 1

2 Lo i L L L L L L
0 200 400 600 BO0 1000 1200 1400 1800 1800 2000
(a) Normal shaft

“D 20 40 GO0 B0 1000 1200 1400 J6UD 1E00 2000
(b) Bent shaft

9 5. AF 23] golra A
Fig. 5. Wavelet coefficients from current signal.
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Fig. 6. Wavelet coefficients from vibration signal.
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Fig. 8. Architecture of back-propagation neural network.
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Table 2. Test results using the wavelet transform.

Class] : A4 a : normal shaft

Class2 : #3727 b : bent shaft
Class3 : AHZT}-2A
Class Testing sample Current data Vibration data
no. detection rate(%) | detection rate(%)
. a 1120 84.2 90.8
b 560 40.2 87.9
a 640 65.2 90.3
2 b 560 584 87.3
a 1120 73.5 84.9
; b 560 73.4 86.1
Total 4560 69 87.9
V.28
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