WEEE T e 04 KPERAAIRITE pp.70~75

ARG o] & AEHAFTY T2 A= A

(In-process monitoring of chatter vibration using Neural Network)

ut A, 2P (v ad AUAT dEd)
2 (Ad AA7A5, 494y 2 5374 A

ABSTRACT

Chatter vibration is an unwanted phenomenon in metal culting and it always affects surface finish, tool life,
machine life and the productivity of machining process. The In-process monitoring & control of chatter vibration is
necessarily required to automation system. In this study, we constructed the multi-sensing system using Tool
Dynamometer, Accelerometer and AE(Acoustic Emission) sensor for the credible detection of chatter vibration. And a
new approach using a neural nctwork to process the features of multi-sensor for the recognition of chatler vibration
in tuming operation is proposed. With the back propagation training process, the neural nctwork memorize and

classify the feature difference of multi-sensor signals.
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Table 1. Specification of Experimental Instrument

Instruments Model | Co,ltD
| Lathe 2640 Round Top
Dual Cha.nncl Type 2304 B &K
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Charge Amplifier Type 5007 KISTLER
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A/D Converter PCL - 718 | Advantech_ |
- T A40A HEWLETT
otter ype 7 PACKARD |
Ty O KOREA
Tool Holder CTGPR-2525 TUNGSTEN |
. . KOREA
Tool Holder Tip TPGN TUNGSTEN

Table 2. Cutting Conditions

Cutting Speed [m/min] 80, 90, 100, 110, 120
IF'eed Rate [mm/rev] 0.08, 0.10, 0.12, 0.14
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