/i \

Check for
updates

Journal of the Korean Society of Manufacturing Technology Engineers 27:3 (2018) 203~210

https://doi.org/10.7735/ksmte.2018.27.3.203

J. Korean Soc. Manuf. Technol. Eng.
ISSN 2508-5107(Online)

= O = =
HEIHES I8t NP 2Y NEH
s3S°, AEE, YBES, B2

Neural Network Application for Chatter Detection

Hae-Deuk Yu®, Do-hun Chin®, Jong-Do Kim®, Moon-chul Yoon®

* Department of Mechanical and Design Engineering, Pukyong National University,
365, Sinseon-ro, Nam-gu, Busan 48547, Korea
® Department of Mechanical and Automotive Engineering, Kookje University,
56, Janganut-gil, Pyeongtaek, Gyeonggi-do, 17731, Korea
¢ Center of Industrial Cooperation, Jungwon University,
85, Munmu-ro, Goesan-eup, Goesan-gun, Chungbuk-do, 28024, Korea

ARTICLE INFO ABSTRACT
Article history: The end-milling chatter behavior is very complex and is closely related to a
Received 25  January 2018 non-periodic dynamic property and the end-milling force; therefore, it is very
Revised 26 Marf’h 2018 difficult to detect and diagnose chatter using the end-milling force. This paper
Accepted 2 April 2018 presents a novel method for detecting chatter in end milling using neural
network, such as Generalized regression neural network (GRNN), Radial basis
Keywords: neural network(RBNN) and perceptron regardless of periodic and non-periodic
Chatter forces. As a pattern criterion variable for target data, stochastic variance and
GRNN. kurtosis are used for the neural network configuration. By comparing the
Kurtosis end-milling force histories with stochastic variables in the fundamental
Perceptron end-milling property, the time domain chatter characteristics are well reviewed,
RBNN and separated and patterned well for chatter detection. These neural network
Variance results using stochastic variables show the reliability of chatter detection;
furthermore, it can detect the malfunction property in end-milling and can be
applied for determining the existence of chatter.
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Fig. 5 Geometric configuration of the workpiece

Table 1 End milling Experimental conditions

Workpiece SM45C

15 mm
30°

Diameter

End-mill

Helix angle

Feedrate 45~85 mm/min

Spindle speed 500 rpm

Axial depth of cut 3 mm
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