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Optimal Selection of Temperature Measuring Points for Spindle of Machine
Tool Based on Method of Combining SOM Neural Network and
Multiple Correlation Coefficient

Wang Zhanzhong, Sun Shaohua

(School of Mechanical Engineering, Shijiazhuang Tiedao University, Shijiazhuang 050043, China)

Abstract: A novel optimization algorithm based on method of combining the SOM neural network
and multiple correlation coefficient for identifying temperature measuring points is presented, which is
applied to the main spindle of SV-48 vertical machining center. Firstly, a series of temperature sensors
and Z-direction displacement sensors are placed on the spindle in simulation state and a series of temper-
ature simulation data and Z-direction thermal displacement simulation data are obtained; A series of tem-
perature simulation data are then clustered by SOM neural network. Finally, the temperature value after
clustering and the spindle Z-direction thermal error are fitted by using complex correlation method,
then, the thermal sensitive points of the machine tool are determined. The result shows that the method
is clear and easy to understand, and effectively reduces the number of temperature measurement points.
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Bearing Fault Diagnosis Based on Gabor Transform and EMD

An Xiaohong, Niu Jiangchuan, Ren Bin, Shen Yongjun, Yang Shaopu

(School of Mechanical Engineering , Shijiazhuang Tiedao University, Shijiazhuang 050043, China)

Abstract: Bearing fault diagnosis method based on vibration signal processing is widely used. Be-
cause in the actual acquisition of vibration signal is often mixed with other interference signals, a method
of bearing fault diagnosis is proposed, which combines the blind source separation method based on Ga-
bor transform and Hilbert envelope spectrum analysis method after empirical mode decomposition
(EMD). The blind source separation method based on Gabor transform is used to separate the vibration
signal. Then the intrinsic mode functions(IMF) are obtained by EMD method. And the characteristics
of the bearing fault are determined by the zoom in the local Hilbert envelope spectrum analysis. The a-
nalysis results show that the fault characteristics of the signal can be more obvious, and the accuracy of
fault diagnosis can be improved by blind source separation and EMD to the bearing’s vibration signal.
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