TdUTEEA A 279 A5 1995. 5

nHHj[

Joumnal of the Korean Society of Precision Engineering Vol, 12, No 5, May. 1995,

29 o] 4%

z ol

-

LR AE ] A7

R

Aol g 7

L ]

z =

&

In-process Monitoring of Milling Chatter
by Artificial Neural Network
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ABSTRACT

In highly automated milling process, in-process monitoring of the malfunction is indispens-
able to ensure efficient cutting operation. Among many malfunctions in milling process, chat-
ter vibration deteriorates surface finish, tool life and productivity. In this study, the monitor-
ing system of chatter vibration for face milling process is proposed and experimentally esti~
mated, The monitoring system employs two types of sensor such as cutting force and accelera-
tion in sensory detection state. The RMS value and band frequency energy of the sensor sig-
nals are extracted in time domain for the input patterns of neural network to reduce time
delay in signal processing state, The resultes of experimental evaluation show that the system
works well over a wide range of cutting conditions. -
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Table 1 Specification of experimental instruments

Milling Machine 3} 714 HMV-F-1100
Workpiece SB41(138 % 78)
Face Cutter T §H54 M415SP04R-12
Insert ) 84 SPGN 1203 P20
Tool Dynamometer Kistler(Type 9257-A)
Accelerometer Rion(Type PV36)
A/D Converter Data translation DT 2833
Resolution:12 Bit
Input Range: +10 V
Personal Computer IBM PC(i486DX-50)
Charge Amplifier Kistler(Type 5008EDPM-2300)

iy, nFT FMEEAE FARAT X, YELR
Z39 HAAYE /M&xEAse AstSE7 (Charge
Amplifier), WH9¥H (Band Pass Filter), A/D ¥
#71& Bl PCol AZEch wHolE: 4KHz2
o7 ~E ME¥ (Nyquist Sampling) sttt £ 43
oA g HarzA-e Table 29 2t

Table 2 Experimental cutting condition

RPM 180, 280, 370, 520, 750
Feed 15, 22,41, 61, 87, 127, 187 (mnm/min)
Depth 0.1- 4.0 (mm)
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(b) Y-directional cutting force

Fig. 1 Cutting force in time and frequency domain (RPM:370, Feed:87mm/min, Depth:0. 5mm)
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Fig. 2 Acceleration in time and frequency domain (RPM:370, Feed:87mm/min, Depth:0. 5mm)
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Fig. 3 The variation of RMS according to depth of
eut in X, Y directions
(RPM:370, Feed:87mm/min)
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Fig. 4 X-directional acceleration in the frequency domain
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Fig. 6 Band frequency energy according to depth of

cut in X, Y-direction{acceleration in time
domain)
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Table 3 The relation between number of nodes and
correlation of output in hidden layer

euzdA e .

Node 2= 6 8§ |10 12| 14 | 16 | 18
Error( x 10°) 108.8/ 73.6 45.6| 23.5| 17.2|16.8 | 16.4
Number of high

correlation( = 0.9) 0 0 0 0 012 4

Table 4 The performance of Neural Network for 6

features.
(Features:RPM, Feed, Depth, F,, 4, A)
6 6 6 6
Architectures 14 3.6 69 | 1296
1 1 1 1
No. of Learning -| 137 137 137 137
SAMPIES | Testing 51 51 51 51
No. of errors 4 2 2 2
Recognition rate 92% 96% 9%6% 96%

Table 5 The performance of Neural Network for 7

features.
(Features:RPM, Feed, Depth, F, F, A, A)
7 7 7 7
Architectures 14 12-5 15-5 14-15-14
1 1 1 1
No. of Learning 137 137 137 137
SIPIES. | pecting 51 51 51 51
No. of errors 4 3 2 3
Recognition rate 92% 94% 96% 94%

FEAANE AFE AEHoldd g Aldtes §
8 2YFe 8 MFe2 § 9-15-15-10-19] +=
7b V% 5% A4 ES BTk Table 72 o) wel
gzg et

Table 8& 9-15-15-10-1 HIEadA =dHgE
(Momentum rate)®] Wale] @& ¢4 ge Wis
Yehigleh, Fig. 72 o] W ggaals Axgle
el FE9E & UrEhﬂ?der o] Az} zelEgEe] (.7
A A M FS A48 JERe, EdYEQ
W F A TEAFAM 2 ABo| s 23]

Table 6 The performance of Neural Network for 9

features.
(Features:RPM, Feed, Depth, F,, F,, A, A,
EAX! EAy)
9 9 9 9
Architectures 14 14-14 14-5 15-15-10
1 1 1 1
No. of Learning 137 137 137 137
Samples | pocring 51 51 51 st
No. of errors 6 4 2 1
Recognition rate 88% 92% 96% 98%
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Table 7 Learning parameters for training Neural

Network
Learning condition No. of node Output category
Learning rate 0.9 Input layer : 9
Momenfumrate  :0.7 Isthidden :15 | Stable :0.1
Error limit :0.0005 | 2odhidden :15
Input samples 1137 3rdhidden 10 | Unstable :0.9
Shape factor 1.0 Qutput layer : 1

Table 8 The performance of Neural Network to the
variation of momemtum rates,

Architectures 9-15-15-10-1
No. of Learning 137 137 137
samples | Togting 51 51 51
Momentum rate 0.9 0.7 0.3
Learning rate 0.9 09 09
No. of emors 3 1 3
Recognition rate 94% 98% 94%

Table 9 The performance of Neural Network to the
variation of learning rates.

Architectures 9-15-15-10-1
No. of Leaming 137 137 137
SAMPIES | Tagring 51 51 51
Mormentum rate 07 0.7 0.7
Leamning rate 09 03 03
No. of errors 1 4 4
Recoguition rate 98% 2% 2%

e14go] AststeTt.

Table 9= 9-15-15-10-1 HEHZ4N &g&HE
(Learning rate)s #zld @& Q&9 HzE 1}
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% Mg e A4EE YN TREEE M 9
goh, 23y o 2 geEd A48 sESHAA

< A 24,

AE AN A ARIFS 2AT A2
e ARH=RELS FAS Ads £ Fs% o
=34 22 2ES QAT
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