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A Study on Damage Detection of Cutting Tool Using Neural
Network and Cutting Force Signal

Keun-Young Lim*, Sang-Don Mun**, Seong-Hun Oh**, Seong-1l Kim***, Tae-Young Kim****

ABSTRACT

A useful method to detect tool breakage using neural network of cutting force signal is proposed and

implemented in a basic cutting process. Cutting signal is gathered by tool dynamometer and normalized as
a preprocessing. The cutting force signal level is continually monitored and compared with the predefined

level. The neural network has been trained normalized sample data of the normal operation and cata~
strophic tool failure using backpropagation learning process. The developed system is verified to be very

effective in real-time usage with minor modification in conventional cutting processes.

Key Words : cutting force(84+8]), neural network (41233 2%),
damage detection of cutting tool (ZFolAAERZA])
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Fig. 1 Typical back-propagation network
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Table 1 The chemical composition of STD11

Chemical composition (wt.%) Hardness
C Si |[Mn| P | S| C | Mo \4 (H:C)
14~16] 04 | 0.6 10.03;0.03|11~13|0.8~1.2 | 02~0.5 50
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Table 2 The experimental conditions

RPM 520 715 990
Cutting speed(m/min) 163 224 31
Feed speed(mmymin) 41, 87, 127
0.08 0.06 0.04
Feed rate(mmjtooth) 0.17 0.12 0.09
0.24 0.18 0.13
Depth of cut(mm) 03
Envitonment Dry
Cutting method Center milling

Universal milling l
machine
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Fig. 4 Average cutting force and increasing of flank
wear(RPM=715, =127, a,=0.3)
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Fig. 5 Cutting force signal of sudden tool breakage
(RPM=520, {=87, a,=0.3)
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Table 3 Learning set of neural network

Data

Food e
RPM speed
i ) P | RPM Feed ™| Ourput
0.86 736 738 10 05 T
06 0.70 0.60 10 05 0
41 08 0.89 0.97 1.0 05 1
0.48 0.40 0.52 1.0 0.5 0
1.40 1.00 122 1 05 ]
520 0.45 0.39 0.47 Lg 1.0 o
87 1.79 188 1.35 10 1.0 1
200 16 1.50 1.0 1.0 1
0.59 1.80 0.34 1.0 1.5 1
127 0.62 0.86 1.59 10 15 1
0.38 0.56 0.47 10 15 o
0.89 08 104 10 15 1
0.59 1.80 0.34 15 05 1
« 0.62 0.86 1.59 15 05 1
0.38 0.56 0.47 15 05 0
089 0.80 1.04 15 05 1
715 o 0.79 0.80 1.06 15 10 0
0.77 052 1.74 15 1.0 ]
1.3 113 133 15 15 )
127 14 115 2.00 15 15 1
13 090 0.90 1S 15 [
0.50 7.09 0.45 20 05 )
o 063 1.24 0.84 20 0.5 0
0.40 051 0.60 20 05 o
1.50 1.25 1.29 20 05 1
0.56 0.68 0.50 20 1.0 0
90 87 0.28 068 0.40 20 1.0 1
1.70 1.43 1.46 20 10 1
1.79 15 162 20 15 3
127 0.64 0.92 0.73 20 15 0
1.80 1.80 1.20 20 1.5 1
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Table 4 Testing set of neural network

Data
Peed

RPM | speed Input Output_
in)|  p, Py P, | Rep | Fecd | Neunl | Mies
speed [nctwork_seope
o |042 |05 [ow |10 05| o | o
14 {092 | 102 | 10 | 05 | 1 1

042 | 051 [ 034 | 10 | 10 | o
018 4 10 e 10 | e | 1

2y | 05 | 05603 ) 10 |15 | o
102 | 090 {096 | 10 | 15 | ¥ 1
o |03 |0 o |15 05| 0 | o
090 | 086 [ 108 | 15 | 05 | 1 1
5 | w7 | o076 062 | 177 | 15 | 10 | 1 1
1008 |087 |15 15 0 | o
127 1.45 12 1.90 15 15 1 1
o |02 fo0s [oss ] 20 05| 0 | 0
120 102 ] 11 | 20 | o5 | 3 )
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¥ s a0 as | 20 | 0| 3 1
w2 |07 lon | os |20 |15 | 0 | o
167 [ 148 | 16 | 20 [ 15 [ 1 1

Fig. 95 RPM=520, =87, a,=0.3¢9 Zd-iA &
53 24N E At A7z 4HE 29
€ veiz ok olv] ¢S vtpesz 4749 o
gl tisted AA% o] vew 0ol 7MhE RET 1
o 7iAE FEZ oA A ¢+ i

53



A2 - BRE - 4 E - A4Y R
25000 ;
20000 SO PO SO
'] ﬁ 150,00 IR B Sopes
= !
E ) E 100.00 ; "
g g 50.00
a o0 § \ )
5000 B fl oo b L
1w 35 40

1
“1ss 158 15.51 15.52 1552 15.52

Cutting time(sec)

Fig. 9 Qutput data of neural network vs. cutting time
{(RPM=520, £=87, a30.3)

Fig. 10& 37487t 34 o] A4 A4g2
Po] 2R o BM P e HAA Bl FE 4 o
2o viad n2x XY ALE Hole wtad A2
o 2E@2 1 dole] £XE RYo 2R B
< g3 =gt

Cutting foreeg)
é’ezssss
4

£ s

Q i B
s . o
g |
5 o4 R
g 02 -
o _ X e .
i i i
02y 32 4 16 25 )
Cutting time(sec)

Fig. 10 Output data of neural network vs. cutting time
(RPM=520, {-87, 2 =0.3)
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Fig. 11 Output data of neural network when tool damage
was occurred(RPM=990, f=41, a=0.3)
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