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Acoustic Emission Monitoring of Milling Burr Formation
Using Wavelet Transform
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|r Abstract I

Detection of exit burr is very important in manufacturing automation. In this paper, acoustic emission(AE) was used
to detect the burr formation during milling. By using wavelet transformation, AE data was compressed without
unnecessary details. Then the transformed data were used as selected features(inputs) of a back-propagation artificial
neural net. In order to validate the proposed scheme, the wavelet based ANN results were compared with cutting
condition(cutting speed, feed, depth of cut, etc.) based ANN results.
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Fig. 1 Experimental setup

Table 1 Mechanical properties of workpieces

of AHgE A4

Material A6061

Tensile strength 310MPa

Yield stress 275MPa
Fracture strain 0.50

Table 2 Cutting conditions

Parameters Range Standard machining
In-plane exit angle(®) 30 ~ 150 90
Depth of cut(mm) 05 ~ 3.5 2
Feed rate(mm/tooth) 0.05 ~ 0.25 . 0.15
Cutting speed(rpm) 300 ~ 1100 700
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Level 8 : 3.96 kHz ~ 7.81 kHz

Level 7 : 7.81 kHz ~ 15.62 kHz

Level 6 : 15.62 kHz ~ 31.25 kHz
Level 5:31.25 kHz ~ 62.5 kHz

: Level 4 : 62.5 kHz ~ 125 kHz

i Level 3: 125 kHz ~ 250 kHz

Level 2 : 250 kHz ~ 500 kHz

Level 1 : 500 kHz ~ 1000 kHz

Fig. 3 Signal of each level
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Fig. 4 Energy of each level in drilling process
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Fig. 5 Architecture of Neural Network

Table 3 Leaming data for neural network process

Input parameters Desired output

A A

@ | my (O] ) | iyper-y

30 0.5 0.15 300 0

30 1.0 0.1 500 0

70 0.5 0.1 700 0

70 1.0 0.05 900 0

110 0.5 0.15 900 1

110 1.0 0.2 700 0

150 0.5 0.2 500 1

150 1.0 0.15 300 1

Table 4 Neural network process results

Input parameters Output It{}::

e ot of o FeSd rate| 0 | T
@ | @m [ pm) type2=1)
30 15 | o01s 700 | 00183 | 0
30 2.0 02 90 | 00178 | 0
70 1.5 0.2 300 | 06562 | 1
70 20 | 015 500 | 01366 | 0
110 15 | 005 500 | 02521 | 0
110 2.0 0.1 300 | 0.8991 1
150 LS 0.1 900 | 09467 | 1
150 20 | 005 700 | 08872 | 1
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Fig. 6 Architecture of Neural Network

Table 5 Leaming data for neural network process

Input parameters Desired
output

Level 3 Level 4 Burr type

Mean | Standard Mean Standard | (typel=0

deviation deviation | type2=1)
0.0001107 | 0.001429 | -0.00006268 | 0.001518 0
-0.004028 0.353 -0.004646 0.1286 0
0.1144 1.432 -0.03336 0.1871 0
-0.09529 2.559 -0.09176 0.3124 1
0.02223 0.4687 0.04355 0.3333 0
-0.00005853{ 0.00338 | -0.0005945 | 0.004376 1
0.0002055 | 0.003089 | -0.00002429 | 0.002207 1
-0.0005735 | 0.008387 0.00127 0.00466 1
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Table 6 Neural network process results

Input parameters lc?stsrftd

Level 3 Level 4 Burr type

Mean | Standard | Standard | (typel=0

deviation deviation | type2=1)
0.0007342 | 0.002195 | 0.0003442 | 0.00181 0
0.03949 1.805 -0.08116 0.2884 0
0.4334 2.956 0.4037 1.687 0
-0.1602 3.645 -0.02675 0.4038 1
-0.001391 | 0.08606 | -0.0003709 | 0.0111 0
-0.00009177{ 0.002087 |-0.00005316 | 0.0007436 1
0.00008581 | 0.004542 | -0.0002179 | 0.00199 1
-0.0002847 | 0.006576 | -0.0003428 | 0.003783 1
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Fig. 7 Architecture of Neural Network

Table 7 Leaming data for neural network process

Input parameter Desired output
In-plane exit| Amplitude | Count rate Burr type
angle(°) (voltage) | (count / S) |(typel=0, type2=1)
30 0.98 134 0
30 232 138 0
70 1.16 136 0
70 1.75 117 0
110 1.65 148 1
110 1.21 121 0
150 1.18 129 1
150 1.41 125 1

Table 8 Neural network process results

Input parameter Out put lReal type
In-plane exit| Amplitude {Count rate Burr type
angle(®) (voltage) |(count / S)| (typel=0, type2=1)
30 0.84 139 0.11381 0
30 0.67 144 0.07796 0
70 1.93 155 0.22937 0
70 1.53 157 0.32181 0
110 3.38 115 0.90326 1
110 1.16 163 0.13172 0
150 2.18 112 0.98284 1
150 1.67 122 0.78023 1
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