Fre-g A E A A L2 A L2 1995, 12

LA\
11

Tl

Journal of the Korean Society of Precision Engineering Vol.12. No.12. Decernber. 1995.

In-Process Monitoring of Chatter Vibration
using Multiple Neural Network(1)

Jeong-Suk Kim,* Myeong-Chang Kang,** Cheol Park***

ABSTRACT

The In-process monitoring of the chatter vibration is necessarily required to an automatic manu-
facturing system. In this study, we constructed a multi-sensing system using tool dynamometer,
accelerometer and AE(Acoustic Emission) sensor for a more credible detection of chatter vibration.
And a new approach using a multiple neural network to extract the features of multi-sensor for
the recognition chatter vibration is proposed. With the Back-propagation training process, the neur-
al network memorize and classify the features of multi-sensor signals. As a result, it is shown by
multiple neural network that the chatter vibration can be monitored accurately, and it can be

widely used in practical unmanned system.

Key Words : Chatter Vibration(1#14 %), Multi-sensor (3544), Multiple Neural Network (5%
AZAFEY), In-process Monitoring (Y ZZA & 7FA])
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Fig. 1 Schematic Diagram of a Neuron in Neural
Network
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Table 1 Cutting Conditions

Cutting Speed (m/min) 80, 90, 100
Feed Rate (mm/rev] | 0.10, 0.12, 0.14
Width of Cut  [mm] 1.0

Fig. 4 Experimental Set-up for the In-Process
Monitoring
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Fig. 8 Multiple Neural Network for the In-Process
Monitoring
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