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A Study on the Diagnosis of Cutting Tool States Using Cutting
Conditions and Cutting Force Parameters(lIl)

- Decision Making -

Chin-Yong Cheong*, Nam-Sup Suh**

ABSTRACT

In this study, statistical and neural network methods were used to recognize the cutting tool states. This
system employed the tool dynamometer and cutting force signals which are processed from the tool
dynamometer sensor using linear discriminent function. To learn the necessary input/output mapping for
turning operation diagnosis, the weights and thresholds of the neural network were adjusted according to
the error back propagation method during off-line training. The cutting conditions, cutting force ratios and
statistical values(standard deviation, coefficient of variation) abtained from the cutting force signals were

used as the inputs to the neural network.

Through the suggested neural network a cutting tool states may be successfully diagnosed.

Key Words : error back propagation(239A3), neural network({ 733 2%), cutting condition(A4=3),
cutting force parameter(4}+g s}2lele})
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Table 1 Structure of neural networks for training

classification

learning conditions

number of input units

7

number of cutput units

3

nuvber of hidden units

t'st layer : 14
2°nd layer @ 7

number of hidden layers

2

learning rate k4 0.5
momentum rate 7 0.5
shape factor 6o 1.0
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Table 2 Input conditions for learning

classification i 2 3
cutting speed 100 150 200
feed c.1 0.25 0.38
depth of cut 0.4 0.8 1.2
S.D. ~ 3 3~ 10 10 ~
c.v. ~ 40 40 ~ 60 60 ~
AVG(i)/AVG(f) ~ 1z 1.2 ~
Fe / Fp ~ 0.3 0.3 ~

Table 3 Output category

classification 1 [}

flank wear wear normal

crater wear wear normal

tool fracture fracture normal

Table 4 Learning conditions
classification
cutting depth of AVG(i)/
er | peed | 0 | et | 8P ey weery |/

1 1 1 1 1 1 1 ]
2 1 1 2 1 1 1 1
3 1 1 3 H 1 i 1
4 1 2 1 1 1 1 1
5 ! 2 2 2 1 1 1
6 1 2 3 3 1 1 1
7 i 3 | [} 1 1 1
8 1 3 2 2 1 1 ]
9 1 3 3 3 2 2 2
10 2 ) 1 | ) ! 1
11 2 1 2 1 1 1 2
12 2 1 3 2 2 2 2
13 2 2 1 1 3 2 2
14 2 2 2 2 2 i 2
15 2 2 3 3 3 2 2
16 2 3 1 2 1 2 2
17 2 3 2 3 1 2 2
18 2 3 3 3 3 2 2
19 3 1 i 1 3 2 2
20 3 i 2 1 3 2 2
21 3 1 3 2 2 2 2
22 3 2 1 2 i 1 1
23 3 2 2 2 3 2 2
24 3 2 3 2 2 2 2
25 3 3 1 2 2 2 B
26 3 3 2 3 3 2 2
27 3 3 3 3 3 2 2
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Table 5 Actual results and learning results

actual results learning results
number |classification] flank | crater | tool flank | crater tool
wear | wear |fracture| wear wear | fracture)

1 0 0 0 0.01 0.0! 0.02
2 0 0 0 0.03 0.01 0.01
3 [ 0 0 0.01 0.04 0.01
4 0 0 0 0.04 0.01 0.01
5 0 0 0 0.0t 0.0t 0. 06
6 0 0 0 0.01 0.02 0.0t
7 0 0 1] 0.01 0.0! 0.01
8 4] 0 o 0.04 0.00 0.03
9 [} 1] 0 0.02 0.01 0.05
10 0 0 0 0.04 0.0t 0.01
H 4 0 0 0.01 0.02 0.0t
12 ¥ 0 0 0.99 | 0.01 0.01
13 slot 1 o 1 0.77 0.35 0.96
14 slot 1 1 1 0.92 0.95 0.83
15 siot 1 1 1 0.86 0.87 0.45
16 1 0 [1] 0.93 0.06 0.02
17 1 1 0 0.93 .97 0.07
18 1 1 1 0.99 0.94 0.98
19 o 0 1 0.03 0.03 0.98
20 1 1 1 0.93 0.98 0.9
2 t t 0 0.99 0.98 0.03
22 1 1 [ 0.97 0.94 0.03
23 1 1 1 0.99 0.98 0.99
24 1 1 0 0.97 0.99 0.03
25 1 1 1 0.99 0.98 0.93
26 1 1 1 0.96 0.98 0.99
27 1 1 [ 0. 96 0.95 0.04
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Table 6 Test input conditions

classification
cutti th of VG(i
amber sm:g feed de'lut° so. | cw. ';\ch((r))/ FolFe
1 1 2 2 2 2 ] 2
2 1 2 3 3 2 1 2
3 \ 3 3 3 2 2 1
s 2 1 : ) 1 2 2
5 2 1 3 2 2 2 2
5 2 1 3 3 3 1 2
7 2 2 1 3 3 2 2
8 2 3 3 3 3 2 1
9 3 1 1 3 3 2 2
10 3 2 1 2 2 2 2
" 3 2 2 3 3 2 2
12 1 3 1 2 ] 1 1
13 1 3 2 2 2 2 2
" 2 1 2 2 2 i 2
15 2 2 1 1 1 2 1
16 2 2 2 2 ) 1 2
T 2 3 1 2 1 1 1
18 2 3 2 2 ) 2 2
19 3 1 1 ) ) i 2
20 3 i ) 2 3 2 2
21 3 1 2 1 ) ) |
2 3 1 2 2 3 2 2
(c) fracture t 23 3 2 1 2 1 ) 1
Fig.2 Shape of tool (a) flank wear, (b) crater wear, 2 | 3 12 p 2 12} : 2
(c) fracture tool i 3 3 ! 2 2 z 2
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Table 7 Test results and actual results

test results actual results
number | flank | crater too! flank | crater tool
wear wear i fracture | wear wear | fracture)
1 0.01 0.02 0.0 normal | normal normal
2 0.02 0.01 0.01 | normal | normal normal
3 0.01 0.03 0.02 | normal | normal normal
4 0.01 0.01 0.01 normal | normal normal
5 0.01 0.01 0.03 { normal | nommal normal
6 0.98 0.98 0.9 wear wear fracture
7 0.99 0.99 0.9 wear wear fracture
8 0.98 0.94 0.9 wear wear fracture
9 0.98 0.93 0.98 wear wear fracture
10 0.99 0.9 0.99 wear wear fracture
1 0.98 0.9% 0.97 wear wear fracture
12 0.04 0.02 0.01 normal | normal normal
13 0.01 0.03 0.03 normal | normal normal
14 0.02 0.01 0.01 normal | normal normal
15 0.01 0.06 0.04 | nomal | normal normal
16 0.02 0.0 0.02 | normal | normal normal
7 0.93 0.92 0.05 wear wear normal
18 0.99 0.98 0.06 wear wear normal
18 0.01 0.02 0.02 normal | normal normal
2 0.45 0.34 0.9 wear wear fracture
2 0.02 0.04 0.01 rormal | normal normal
2 0.98 0.93 0.9 wear wear fracture
23 0.99 0.82 0.06 wear wear normal
24 0.99 0.94 0.05 wear wear normal
25 0.98 0.99 0.9 wear wear fracture
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Table 8 Performance of neural networks

classification flank wear crater wear tool fracture
number of test 25 25 25
patterns
number of errors 1 1 0
accuracy
96 9%
percent(%) 100
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