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ABSTRACT

Tool wear monitoring is very important aspect in metal cutting because tool wear effects quarity

and precision of workpiece, tool life etc.

In this study we detected force signal through tool dynamometer in turning and using it we
conducted 6th AR modeling and fractal analysis. Finally the back-propagation model of the neural
network is utilized to monitor tool wear and features are extracted through AR model and fractal

analysis.
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Table 1 Cutting Conditions
100, 120, 140, 160

Cutting Speed [m/min]

Feed Rate [mm/rev] 0.06, 0.08, 0.1, 0.12
Width of Cut [mm] 1.0
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Fig. 2 Prediction of principal force signal using
AR(6) model
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Fig. 3 The variation of AR parameter
according to flank wear
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Fig. 4 Distribution of force signal in princi pal
and radial force cordinate
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Table 2 The variation of C(r) and Log(C(r))
according to flank wear
(V=100 m/min, f=0.08 mm/rev, d=1 mm)

; C(n C(n) log(r) logC(r) | logC(r)
(Vg=0nu) |(Ve=0.3mn) (Vp=0nn)|(Ve=0.3z0)
0.00207 0.021 | 0.057 -2.699) -1.688 }-1.254
0.0035] 0.414 | 1.088 -2.456]-0.383 | 0.037
0.0050| 0.720 | 1.875 -2.301}-0.143 | 0.273
0.0075] 2.571 | 6.698 -2.125] 0.410 | 0.826
0.0100} 5.302 | 13612 -2 0724 | 1.134
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Fig. 5 The variation of Inp(#) according to
flank wear

43 Mz M Y HFE AE oM

FTetde #AAC ABFHEZLE ol&FHE o
fe FRASA ¥ &2 FEvEls Alolg #
AZRY EHAHY FELE 97 9siA o)}

goll A AFE v 2L EAEZRY FFu
g ZAEY) f8 9% AAEIEFE o &5
th ool W Zt #29 dAAEE zAsEd 29
2 FHoERY g92or x5 A
ZHste= 9A9d(Back propagation)S A}&3t
F1, Zr wHLY ALEIdFRE Aard=
(Sigmoid)¥+E& o] &8l 7= (Supervised
learning) A1 71 & A A2 3L AN F&2%
dolH & SFAZ.

AR dAM 2% AR AFE o) &F F40
Ho AAE 93 Fig. 63 & AAIzRL 7
Ay gdgzde AAZARAESE, o )T
671e] AR A& E dHAI+= 879 xZ(node)
3 29Zd e 97, 283 2824 14
228 5o 8-9-19 AAI=2HE FAs4

2dzdMe FFvEo HIYL o <I>L
283l vHEol HA FULE W <0>& £33}

2 FF5AAY. g5 dolE e 1679 x4
of i3 diolg e 28 E Fo £ 64749 dHolH
& gEAH

Mo oo o

Input layer

Hidden layer

Output layer

Output pattern

0 (Fresh Tool)

1 (Wormn Tool)

) NS
y""'*A\\}\
// “\\\
AR(6) = (P \
TN
Fig. 6 Architecture of neural network when
input data is AR parameter

aga AR zRe] QYR E FAsy] H46
& 64719 vwlolE S} SGEA ¥ dolH
64718 A HEAA Bt 2 AHE Fig. 7
o Jetdded dgAdes & AAFES & F
Aot



-n--dh’h—--ﬁ-—--—-—-—uﬁ-— 4
= Rankwear:00mm
» Rankwear:03mm
EIRE] ] 0 & ]
Input data number

[ To

Fig. 7 Implementation results using AR
parameter
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