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Application of data fusion and Dempster-Shafer theory in fault diagnosis
of induction motors
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ABSTRACT

The technology of machine condition monitoring is used effectively to detect the machine faults at an
early stage using different machine quantities, such as current, voltage, temperature and vibration. Induction
motors are most widely used to drive pumps, compressors and fans in industrial drives. This paper presents
approach to data fusion using Dempster-Shafer theory because only one technique has uncertainty. So we can
obtain advanced accuracy of the machine fault diagnosis. Vibration and current quantities are applied to
diagnose three-phase induction motor.
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Table 1 Experimental conditions
Symbol Fault condition

F1 Normal condition (without fault)
F2 Mechanical unbalance (15.64 g-cm)
F3 Broken rotor bar (12EA)

F4 Bowed rotor (0.075 mm)

F5 Phase unbalance

F6 Fault bearing (outer race)

F7 Angular misalignment (0.48°)
F8 Parallel misalignment (0.1mm)
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Fig. 4 The BBA m of current signals
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Fig. 6 Final BBA m of current and vibration signals
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