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Research on Small Sample Machine Learning Method for Acoustic Quality

Detection of Micro Motors

TIAN Zhidan, YU Xiang, WAN Haibo

(College of Naval Architecture and Ocean , Naval University of Engineering , Wuhan 430033, Hubei , China)

Abstract: In order to solve the problems of high subjective misjudgment rate and low efficiency in manual
hand touch and auscultation methods for acoustic quality detection of micro motors, while taking into account the
accuracy of detection results and the fast construction of detection models, a small sample machine learning
detection method was proposed. Based on the physical model of micro motor transmission chain, multi-dimensional
acoustic fault features were extracted, particle swarm optimization was used to optimize the core parameters of
support vector machine, a small sample learning method, so as to improve the accuracy of model discrimination.
The experimental results show that this method can effectively distinguish abnormal vibration and sound of micro
motors, with an accuracy rate of over 95%.
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Fig.1 Schematic diagram of micro motor
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Fig.2  Speed of micro motor during forward and reverse transients
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Fig.3  Vibration order spectrum of micro motor
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Fig.4 Instantaneous speed envelope spectrum of micro motors
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Fig.5 Acceleration envelope spectrum of micro motor vibration
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Fig.6. Roughness time history of micro motors
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Fig.7 Comparison of damage waveforms of micro motor gears
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