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Construction of In-process Monitoring System using C"* and Neural network

Jong-Rae, Cho(Changwon univ. graduate school),

Yoon-Gyo, Jung(Changwon univ.)

ABSTRACT

of the
necessarily required to do Factory Automation

Monitoring cutting trouble is
and Intelligent manufacturing system.
Therefore, we constructed a monitoring system
using neural network in order to monitor of
the cutting trouble.
From obtained result, it is shown that the
cutting trouble can be monitored effectively by

neural network

Key words : Cutting trouble(7}3E3 &), Factory
Automation(Z32H53}), Intelligent manufacturing
system(Z] %53 JAA1 2 "), Neural network(217 %)

1. A &

A53 AN Aty 9 FEIA
o g F9lstel ML FA(Factory Autoration),
IMS(Intelligent manufacturing system) Al2® F3%
o lojd "ot ol2ld FRIE ojF7]
AAME 7HZEHEN AT AA7E0l FLE
Broz disly 9t
7t BokolA & HFE AAIF 9l
= AAEE 71T FAY BFAS 99 £
21‘76’?} 858 At e JHFAe EAA
¢ yxsn goen, =23 ¥ FHAAA S
7t5ES B F5F A vlIXE %] Adst
oz gAF JAFAHE ZAE = Ae FA
Aol el A3 aFdEH.

B3],

ll‘

-95-

=

5
A

D1

7+
Ae A5
& Az

HEde o2 X7 e 1
FT7g TAE Ato]olA wA =
AE Aoz 7HF AFEE, TR7A
F79 4, H‘S‘ TR ANA dFge vH
o, T A FFo HA 2 74, 7HF FF9
AEde) Fogd Wz FLIn glow, ol
3 AEHe wAE TUEHS] 948, AEF7A
o] AT FFe dPHo J1F Fo AHzEY
AeA% 4L A9sn Jdm, HIH o2
71EFe AE AR g A7 g A
P53 At

ARFLE A Aol iy Ax=gel T2
o dig Aael AL ¢gln Foll FELZNEH
9l g&AY & FAX Aol Hgg A%
Bg FAsT A2 FA d8A-RS T2
A4 2 28RS FHE + e AHE 7
Az Yot HEEF, FrIA T #Hod =
gol g AALL HEAY, EAAY, AF
A Bkl ZWA AHEFHS Fot

F&71% BoldAME AAA LAsE AN
N9 EAAHQ] HHEEL AAY gFAZ
¥, AA AFA Bhste AEE d@ F¥2
AFse =EE0] BEHT You, AHAS
In-process ZAlol dlg AFA G HEA e §
2% AAo)h

B dFdME 7tFEHEE In-process
A7l 9ste] AMREEe ARARNE gEE
2 2 ey sERdE AR vHE #
% A ZA Y (Neural network)Z o]&3le] Al A
2d g F53tx ot

E
=

—r‘



2.C7% o)8F 4T 7%

e g3 gt
. zelm 2 ogkel
o A2 JEyA

B g7 AgE dF HAEE ARYE
nodeZo] 4 layerd! t}E S HEESR FUF
2740l3m, vl AAA 5T sigmoid FHE
Argatdler. Z nodeEd ANE FEHLE R
AsA A ddE e A nodes FERY x
23 29 A 2E9@U xEFH 2 AelY
7bEA WiEEHN 2390

Aoy

-

net,- = ZZ’ W,‘{X,‘
oldd o AAE wHY AAA 59 ¥o
A xig ALE
= - 1
xj= Slnet )= [1+ exp(— bnet ;)]

4714 b sigmoid FF9 21&71EM 9
sensitivity® ZPshe 2 E 19 g AMEHU.

ol9} 7L dNdern FNEHIF 2YZE FTAY
Zof 2¥AEg g ADE olfde Hdg
olxahAl gt}

Z} node® 9 82 7HEAE 9 A o
24dy dste e X2 A4t
o}, ola g AAE srgeolE) I, B dAFdAe
AL Fof LA HWHEE5A(Error  back
propagation learning)& AM838F%ich

eRxgRgege] 2rlde EAE JAR
FHoy <9z za Ue GFHAEEMS &
g3y @ty FHoE Yie o LAEN F
g AgATIe AN L3 Fojy grt
g g7z wBee shEAE WA

B A Abg8 AR T2E Fig. 14
A B vl geol, d=HZq 149 4FEATE,
2748 v ZrdE 549 FHE, Y%
17g 289Ws2 sk 1-5-5-14 AAT TE
£ 7tA 3 gl

=

i

gawye e gg dnF, &4
3 dov NaROEFFE A Sadol

~86~

Bl 227t 00050187 8 o
Aoz &g +EH ARG
o ARL O 29 AAEY
7t 2R Auxst SHE FRY BF
gtz Agga eyl o3 FAAstA
23 949 gaduaEs
z2ae 42 Aadd
Aoy AdRRES HEE Y ¥
dolelg Foated oA 4A HEH F
T2 PSR =28, ogd HAZRBAAA
& 294 oY) 2 YgHus e wEAE
F&ata gEAZZ ARt oeEn, 7t
He AxMtez YA 7195y
o] BUEY FAHEE Zaaavsd
dele] olARFE AR B F UES

%
sEch

r

o

=
2

-3

3 oy

8

b

o 2

off W o

S

Input layer + Hidden layer —— Output layer

/e
Input 23 ‘V QOutput
pattern ST Sl pattern
. K .

' NN
VZaa\"

Fig. 1 Multi-layer perceptron

=
X
r
%

Net input
net, = W, O; ~
Update weight
Input patten Wglt+1) = 13,0,
Hidden fayer WY
0= £ (net)
i <{
Output layer>
The output of
: = (4O ety
(g:‘;“f‘}‘g:;) <Hidden layes>
=iy
8;= £ o) E6 Wy
i
Err = {t}-{O4}
Backward | Procedure

Forward ¥_ Pravedure
@ Ne
Yes

Fig 2 Error back propagation Learning rule



3. 473%e A&

AE] W F 9 In-processPAIE $3ka] CNCA
Bkab KistlerAbe] 9257B9] tAAxd 3+ EH
A, A/D HE7)9t PCE o]83ld gdAE
3 en, AHIEF FFE FHEY B
2 #glslgden, Mitutoyortel SV-624 %ﬁlé*—l
EAHZEAZ ZAZd0] 75m, FASEE 2.0m/sE
At Agd ALE3 FHES A7 23m,
o] 160mng! SM45C &4%& Agslgen, #
& AAG7] 93t A 74EE AAEA.

4¥zaAL&  AHAa4x 130, 160, 190,
210m/min, olF L& T = 0.10, 0.15, 0.20,
0.25mm/rev, B4+ o) 0.10, 0.15, 0.20, 0.25mm
2 8o FHEY 9FE 80mm 7tF3ATH H
oz HE A AR FHAE ZHo|E AH
g4 A=z Aestd ABFe HeH7t
HE2 Abgstglch

B dFdMe g 3REFAA A
Aol 713 sz dGHHAAE FEHA
TE AMEPE B9 YHUEE AYgsHed,
o] Az WEAEY FE3Y FAMHMEAE
9] doHFAN Fuigt € F4AFw JdehHd o
olHE HZ AF%9 UH dvolelZ &34
t} Fig. 3¢ gFAZT e EXAE el 19
oz gFAIZE ANZREY 2YJTE F&
ste] FIEE o wazA qFY & JEE 3
Hom, g AARHAAME HEgHo] mER
£ 3qch
Fig. 4& #5385 we gFexrt go=e
BAE BAFE a9t & =EdAME a5
227} 00050157 HH FEE Tgo] o] Fo
Ao BEsitl. Fig. 55 Fig. 39 HolHE
ggete M@ AFFe] EHASE YEd 2
Yooy, FEF WEo] AT FUAMNE A
A% 2820371 ‘17§ AN FRez A
Fol A Fzhelw, £YAI 0"F AAE

Fe HAANHI dAY FUeE wEHAAR
ot B3 41" ‘079 HolRFoME, B AAFY
FzNE F5F ZAE BoAgFn Yrh ol
3 AFHZRE, B 7NN FEHHR AHz
5 AAE 9% 439 gngdFe AHIE B

2 =
2s F

oz

o

o
A

=
=
2
A

_97_

Al ol fEHA HEY &
o 9

Cutting velocity : 160m/min

1.0k Feed rate : 0.25mm/rev i
8 Depth of cut : 0.15mm 1
g il
'Eo 0.0 \H\IIM‘I‘HI\ e ULy 0.5
=
ey
]
2
-1.0 Y
0 20 40 60 80
Cutting length (mm)
Fig. 3 Learning & desired data of neural
network
5 04
=
e
@
)
£
'E 0.2
-
-
E =0.005
0'00 4 8 12 16
Number of step (N)
Fig. 4 Training error for number of step
8
L] Cutting velocity : 160m/min
v 1.0 Feed rate : 0.25mm/)
En Depth of cut : 0.15mm
=
-
g
:‘5 With chatter Without chatter
-t
=
&
s
0'00 20 40 60 80
Cutting length (mm)
Fig. 5 Output signals of learning data
- 160
E 1,: Crjtical distance
~ ° ﬂ ® :Surface roughness
~ 140}
3 —— : Neural network
g
2 1 o
—-— \
8 Feed rate : 0.15mm/rev
:‘E 100 Depth of cut : 0.15mm
&} 120 150 180 210

Cutting velocity (m/min)

A&E HEHH

Desired data

Fig. 6 Neural network of performance estimation



4. In-process monitoring & control A|2® &

A58 QA 2wl Ha e @il FACA
ek FlsE ddsty] HaAHe bEF vt
AHE EUHIFED oy EUEHYE A
Aee FA7N A H=d3te JMEzHE A
o8 WAY Barzt U

Fig. 7& In-process Al Al2"e FHEEZ
N, A7 TE o83ty 7Y HE EUHZ S
FAY EQAZR stFo] o]FojAdE AR
AN FR7AL AojRo BEGAFT HEAHE W
ofgd F oE HEF2AE AHIFEE HAY

ot o o 2

Machine Tool 47

v

Sensor(Tool dynamometer)

i Change of

Cutting condition
Neural network data processor
(AD converter)
T

i 2 l

i

L Neural network H

* Computer
Trouble Detection J .

Fig. 7 Daigram of in-process monitoring
system

B AP In-process BAl Al2EE F
F3t7] Azt FA7IALY Qe 2E &9
A 871 Y8t C++E AAGE Z2 a8
Fen, A 7FF JEAEY FANE £ A
ANz"e FEFolgloy JEAHE AAY F
Ae A2dge TEL dog dFHory AAY
Aolt},

5.3 &

C++3 AADE o8& In-process FA A&
o] o) B AFE FYY AR G
e AE2g AU

(1) Error back propagation 51 FS

F AHLYE FESS 4A FE5E F de A
3¢ T+

2) AAFY A2 B AF4N T3 NF
%ol A%E HRY et ANzAgAR

3¢ AAE 228 7 Jd9eH, fHAF

Fgdat BEAAFGYE Felo| FREE F2

4& e AL

3) ¥ d7& B39 753 FAAN2EE Y
o2 FANAY FA%E HEE 5+ ol
In-process monitoring & control Al&® el
WS AFE 4

dm 2 o2

)

£ 7

B a7e Herey - aRAgAuNE 3
dusa FANA7EATAHY Ao 9@
Ay,

i |

1. M. Rahman, "In-Proces Detection of Chatter
Threshold”, Trans. ASME ]. Eng. Ind.,, Vol
110, pp. 44~50, Feb, 1988,

2. T. Blum, I Suzuki and [ Inasaki,
"Development of a Condition Monitoring
System for Cutting Tools Using an Acoustic
Emission”, Bull. Japan oc. of Prec. Eng., Vol.
22, No. 3, pp. 301~308, 1988.

3. S. Rangwala, D. A. Dornfeld, "Sensor
Integration wusing Neural Networks for
Intelligent Tool Condition Monitoring”, Trans.
of the ASME, pp. 215~228, 1990

4. G. S. Hong, M. Rahman and Q. Zhou,
"Using Neural Network for Tool Condition

Wavelet
Decomposition”, Int. J. Mach. Tools
Manufact, Vol. 36, No. 5, pp. 551 ~566, 1996

5. Mashiro Kimura and Ryohei Nakano,
"Dynamical Systems Produced by Recurrent

Monitoring Based on

Neural Networks”, Systems and Computers
in Japan, Vol. 31, No. 4, pp. 77~86, 2000

_98_



