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Fault Detection of Cutting Force in Turning Process using RBF/ART-1
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Abstract:The application of neural network for fault
detection of cutting force in turning  was
introduced. This monitoring system consist of a RBF
predicton model and a ART-1 pattern classifier. RBF
prediction model predict a cutting force signal.
Prediction error of predictor is used for a input vector
of ART-1 pattern classifier. Prediction error could be
successfully performed to fault signal monitoring of
ART-1 pattern classifier.
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Fig.1 Proposed cutting force fault signal detection
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Fig. 2 Radial basis function prediction model
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Fig 3. Architecture of the ART1 network
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Table 1. Exerimental Condition
Cutting Speed [m/min] 70 - 130
Feed Rate [mm/rev] 0.12, 0.24, 0.30
Depth of Cut [mm] 1.0
workpiece material SM45C
workpiece diameter ¢ 60 mm
overhang 250mm
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Fig. 4 Experimental setup
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Table 2 Condition of RBF, ART-1

RBF Gaussian function
The number of RBF 5
2 05 - 0.02
size of [ 20
L 2
o 0.9




7. 014 Aag A3 2 AE gnAF 9 A

12 1.4
115 1.05!
11 \
' 0.95
= 1
09
0gs
0o 0.85)
o e
0855 1000 2000 3000 4000 5000 6000 7000 o 1000 2000 3000 4000 5000 0000
(a) (a)
1
0 P
06|
Folr ]
021t -
ol S
02 —L S
0 500 10001500 2000 2500 3000 3500 4000
1 1
Lo
‘ nar 08
| DS% os
D
l 173 oa} %04»
‘ azk 02
Dlhu. ooy S
) 60O 1500 2500 3s00 4500 o 500 1000 1500 2000 2500 3000 3500
() ©
0016
0014
0012
0.01
% ooos
0008
0004
ooo0z}
03500 3500 3600
9
Bheve--
21
P S,
wel-.o--
E D -
afoaa--
] PR
1t - B
N W L i [s)
%a SO0 1000 1500 2000 2500 3000 3500 4000 4500 o 600 1000 1600 2000 26500 3000 3601

Fig. 6 (a)Default cutting fmé:)signal (b) weights of RBF
(c)SSE (d) Ampltude of SSE region (e) output of ART-1
(cutting speed:90m/mm, feed ratei0.30mmvrev, depth of
cut:lmm)

(e)
Fig.5 (a)Default cutting force signal (b) weights of RBF
(c)SSE (d) Ampltude of SSE region (e) output of ART-1

(cutting speed:90m/mm, feed rate:0.120mm/rev,
depth of cut:lmm)
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