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Monitoring Systems of a Grinding Trouble Utilizing
Neural Networks(2nd Report)

J.8. Kwak”, G.H. Kim**, M.K. Ha™**, J.B. Song™**, H.S. Kim™***"

ABSTRACT

Monitoring of grinding trouble occurring during the process is classified into the quantitative data which
depends upon a sensor and the qualitative knowledge which relies upon an empirical knowledge. Since
grinding operation is highly related with a large amount of functional parameters, it is actually deficulty in
copying with the grinding troubles through the process.

To cope with grinding trouble, it is an effective monitoring systems when occurring the grinding process.
The use of neural networks is an effective method of detection and/or monitoring on the grinding trouble,

In this paper, four parameters which are derived from the AE(Acoustic Emission) signatures are identi-
fied, and grinding monitoring system utilized a back propagation learning algorithm of PDP neural net-
works is presented.

Key Words: Grinding Operations(94748), Neural Networks (417293 &), PDP Neural Networks Model(PDP
A7ADHZ 2d), AE Signatures(AE 21%), Inprocess Monitoring(91Z 24 2 7))
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Fig. 1 AE Signatures and AE Parameters
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Fig. 2 Experimental Set-up

Table 1 Experimental Equipment and Grinding Conditions

» Model:GU28-50, Toyoda Machine Works
. » Capacities :
Grinding | - RPM of Wheel Shafl : 1710
Machine | - RPM of Workpiece Shaft : Max. 300
-. Capacity of Wheel Metor : 3.7kW
-, Capacity of Workpiece Motor : 0.4kW
Grinding | - Type : GC60LmV
Whesl | Shape @ 9288 x 24
. + Materal 1 SKD11
\Iaﬂ(pmce - Hardness : HrC 35 ]
Grinding | - Cylindrical Plunge Grinding
Method | - Spark-out Time : 1 sec
- Conditon 1 )
. -. Infeed rate : 0.5an/min (75 Times)
Grinding | - Candition 2
Conditions| - Infeed rate : 1.0ma/min (75 Times)
- Condition 3
-. [nfeed rate © 2.0m/min (75 times)
Dressing | - Depth of Cut : 0.125m
Conditions| * Lead © 0.15ma/rev
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Systems for Grinding
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Table 2 Supervised Data for the Leamning of Neural Networks

0086] 0 1 0 0
087| 0 1 0 0 | Nomal
018 0 1 0 0| Normal
019] 0 1 0 0 | Normat
loomloo| o | 1 0 0| Normal
a5 10 | 0 1 0| Buming
sl B T o L1 0 | Bumine
& 0032 [0140(0140] o 0 1 0 | Buming
oo omloms| B8 | o0 ] 1 { Chatter
Apioos|oan|omz| 6% | o 0 1 | Chatter
§Roozi032i04 ] B8] 0 | o | 1 | Chater
pdoog 030506 67 | 6 1 o 1| Chatter
{0033 0256 (06| @8 | 0 | 0 1| Chatter

62

Table 32 Table 2914 &% dolgtE Neural
Networks’t A45le A Yoy 98 Ao,
Table 4= 54 244 o FFEHA F& A2
& GEE 79 vejgelth

HYAFE Table 37 2o] o)v] 2 LHA Y Hat
ety 2o sl E of 53 A58 L2 Jed
ek ohje}, EF Table 49 Zo] A8 AR L 4F 9
5] el = Neural Networks® 89 -+ 4
98 verd s € a7 Ut

Table 3 Iruplementation Results Utilizing the Neural
Networks( )

0 0987990/ 0010019 | 0010521
0.087[0.067] 0 |0.97986 | 0.010020 | 0.010523 | Nomal
0.10910108] 0 0987993 | 0.010019 | 0.01018 | Normal
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0342 [0420 931 [0.010216 0.013242 | 09685251 | Chatter

o 03050306 | 607 |0.01017 | 0.013242 | 0885250 | Chatter
900,033 0256 (0256 ] 68 |0.010224{ 0.014732 | 0985243 | Chatter

Table 4 Implementation Results Utilizing the Neural
Networks( 1)

0.987983 | 0.010020
0987985 | 0.010018
0.987993 | 0.010019
0987990 | 0.010019
0.987992 | 0.010019
0.987987 | 0.010020
0010223 | 0613252
0.010219 | 0613253
0.010217 | 0613256
0.010219 | 0.413252
0.010221 | 0.413255
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0.014] 007 | 0.0078
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0
0
00190097 [00144| ¥
0
g
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0586742 | Chatter
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0019 0.105 | 0.0084
0017|0089 | 0.0108
0034|0.194| 00400 [ 11

11003 | 01% | 00372 | 13

40033 0158|0043 | 16

6100400234 00450 | 156

BT 0047|0239 00493 | 258

6810037 0.266 | 0.0451 | 114

6 0.087 10279 | 0387 | o4
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