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Multiple Faults Diagnosis in Induction Motors Using Two-Dimension
Representation of Vibration Signals
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ABSTRACT

Induction motors play an increasing importance in industrial manufacturing. Therefore, the state
monitoring systems also have been considering as the key in dealing with their negative effect by ab-
sorbing faulty symptoms in motors. There are numerous proposed systems in literature, in which, sev-
eral kinds of signals are utilized as the input. To solve the multiple faults problem of induction mo-
tors, like the proposed system, the vibration signals is good candidate. In this study, a new signal
processing scheme was utilized, which transforms the time domain vibration signal into the spatial do-

main as an image.

Then the spatial features of converted image then have been extracted by apply-

ing the dominant neighbourhood structure (DNS) algorithm. In addition, these feature vectors were
evaluated to obtain the fruitful dimensions, which support to discriminate between states of motors.
Because of reliability, the conventional one-against-all (OAA) multi-class support vector machines
(MCSVM) have been utilized in the proposed system as classifier module. Even though examined in
severity levels of signal-to-noise ratio (SNR), up to 15dB, the proposed system still reliable in term
of two criteria: true positive (TF) and false positive (FP). Furthermore, it also offers better perform-

ance than five state-of-the-art systems.
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Table 1 Faults Description of Induction Motors

Type of faults Fault description

Lo Angular misalignment is the effective angle between the two shaft centerlines
Angular misalignment fault (AMF) . . R
and the angle between the shaft centerlines is 0.48°.

Among 34 rotor bars, 12 rotor bars are involved in the plastic deformation of
Broken rotor bar fault (BRBF) S L .
the grinding furrow: 5 mm in diameter and 15 mm in depth.

Parallel Misalignment Fault (PMF) The offset between two centerlines of the motor and load has been changed

0.1mm
Rotor Imbalance fault (RIF) Unbalance mass of 15.64 g-cm is added at the right end of the rotor
Bearing fault (BF) A spalling on the outer race of the bearing is replicated

Bowed shaft fault (BSF) The sh'af't is slack in the middle (0.075 mm), which causes dynamic air-gap
eccentricity.

. 4.3Q resistance is connected to one of the three-phase wires of the
Phase imbalance fault (PIF)

induction motor.
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Table 2 Oftimal sigma value of each SVM structure
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Table 3 Systems performance in term of true positive and false positive, free-noise condition
Average classification accuracy in terms of true positives and false
Free—noise positives Average
AMF BRBF NO RIF BF BSF PMF PIF
Algorithm 1 | TP rate (%) 91.35 91.54 84.23 90.38 96.73 98.46 97.11 80.19 91.25
(5) FP rate (%) 1.54 1.24 2.17 0.80 0.22 0.47 0.63 3.24 1.29
Algorithm TP rate (%) 85.15 100.00 | 100.00 97.11 100.00 | 100.00 | 100.00 | 100.00 97.78
o1 FP rate (%) 4.12 0.00 0.00 19.78 0.00 0.00 0.00 0.00 2.99
Proposed TP rate (%) | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 100.00
approach FP rate (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Table 4 Systems performance in term of true positive and false positve,
SNR = 20dB
Average classification accuracy in terms of true positives and false
.. Average
20dB positives
AMF BRBF NO RIF BF BSF PMF PIF
Algorithm 1 | TP rate (%) 91.54 88.08 84.04 90.96 95.96 99.04 95.96 79.81 90.67
(5) FP rate (%) 1.92 0.49 2.58 0.99 0.14 0.58 0.41 3.38 1.31
Algorithm TP rate (%) 92.69 100.00 99.61 97.30 100.00 | 100.00 | 100.00 | 100.00 98.7
o(14) FP rate (%) 4.39 0.00 0.00 10.43 0.00 0.00 0.00 0.00 1.85
Proposed TP rate (%) | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 100.00
approach FP rate (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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