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Abstract

In a high precision vertical machining center, the estimation of cutting forces is important for many
reasons such as prediction of chatter vibration, surface roughness and so on, and cutting forces are
difficult to predict because they are very complex and time variant. In order to predict the cutting
forces of end-millihg process for various cutting conditions, a mathematical model is important and this
mode!l is based on chip load, cutting geometry, and the relationship between cutting forces and chip
loads. Specific cutting force coefficients of the model have been obtained as interpolation function types
by averaging forces of cutting tests. In this paper, the coefficients are obtained by neural network and
the results of the conventional method and those of the proposed method are compared. The results
show that the neural network method gives more correct values than the function type and that in
learning stage as the omitted numbers of experimental data increases the average errors increase.
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Table 1 Cutting conditions for tests.

Diameters of cutter(mm) 16, 20
Radial depth of cut (mm) 2, 4,6, 8 10
Axial depth of cut (mm) 12, 20
Feedrate (mm/min) 67, 85, 120
Spindle speed (R. P. M.) 480, 600, 900

983

Table 4 Coefficients of specific cutting forces

in least square method A.

a;| -0.450E12, 0.137El6,
-0.207E14, -0.135E19

-0.831E10, -0.161E12, 0.810El2,
-0.121E16,

0.205E15,
0.619E13,

-0.443 727,

-577. , -0.394E08

46.98,
b;| -2987., -0.804E05, -0.153E06,

8590. ,
-907.,

Table 5 Comparisons of specific cutting forces

Table 2 Samples of average cutting forces for
each cutting test(tool diameter 16mm).

Radial | Axial
No| depth | depth | RPM
(mm) | (mm)
1 2 20 600 85 2942 409.4

Feed

(mm/min)

Fx(N) | Fy (N)

2 4 20 600 85 457.5 763.7
4 8 20 600 . 85 343.8 1523,
1| 4 20 600 120 576.9 1035.
12 6 20 600 120 5772 1584,
17| 8 20 900 120 254.1 1369.
251 6 12 900 85 141.7 557.9
26| 8 12 900 85 102.1 578.2

37 10 12 900 120 -254.4 1154.

Table 3 Samples of average cutting forces for
each cutting test (tool diameter 20 mm).

Radial | Axial

Feed
No t(i::ntl; ?:,r:; RPM (mm/min) Fx (N) | Fy (N)
38 2 12 480 67 171.6 199.3
39 4 12 480 67 389.8 542.5
41 8 12 480 67 190.3 1091.
48 4 12 480 85 447.6 778.4
49 6 12 480 85 480.5 1221.
56| 2 20 480 67 393.8 2933
62 6 20 600 67 435.7 1328.
63 8 20 600 67 3534 1841.

74] 10 20 600 85 231.0 3888.

Sample] K7 (x10") K
No  (Experiment| Calculated |Experiment| Calculated
1 0.4047 0.5324 0.5076 0.4589
2 0.3833 0.5211 0.3593 0.4566
11 0.3572 0.4110 0.3949 0.4387
12 0.3464 0.4194 0.3847 0.4245
25 0.3991 0.4139 0.5054 0.4536
26 0.3231 0.4067 0.4136 0.5064
37 0.3274 0.4945 0.7493 0.5563
38 0.4529 0.5233 0.4630 0.3782
39 0.6056 0.5011 0.3512 0.4230
48 0.6156 0.4681 0.4695 0.4284
49 0.6080 0.4624 0.4701 0.4654
62 0.5984 0.4957 0.5429 0.4574
63 0.6119 0.5018 0.5411 0.4600
74 0.8107 0.5529 0.5562 0.4468

Table 6 Comparisons of cutting forces

Sample

Fx (N) Fy (N)

No  (Experiment| Calculated |Experiment| Calculated

1 294.2 400.3 409.4 513.1

2 457.5 551.7 763.7 1124.

11 576.9 628.6 1035. 1234.
12 5772 641.8 1584. 1968.
25 1417 167.7 5579 560.4
26 102.1 75.0 578.2 761.8
37 -254.4 -133.2 1154. 1629.

38 171.6 208.0 199.3 209.0

39 389.8 301.1 542.5 479.5

48 447.6 354.9 7784 571.0

49 480.5 368.4 1221. 925.5
62 435.7 420.6 1328. 1037.
63 3534 3747 1841. 1440.

74 231.0 371.6 3888. 2515.
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Table 59 6° A= o 91‘:} Table 4¢) A3z Sample| Specific cutting coeff.|  Cutting forces (N)
(LMS AZ ®A) 2 HaAgd 7434 2 No | Kx10°| K Fx Fy
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+

0.4044 0.5076 294.0 409.2
2 0.3836 0.3593 457.9 764.4
11 0.3582 0.3948 578.6 1038.
12 0.3450 0.3847 5749 1578.
25 0.3981 0.5054 141.3 556.4
26 0.3239 0.4138 102.2 579.8
37 0.3276 0.7494 -254.5 1154.
38 0.4527 0.4628 171.6 199.2
39 0.6059 0.3513 390.0 542.8
48 0.6159 0.4694 447.8 778.7
49 0.6072 0.4700 480.0 1219.
62 0.6003 0.5430 437.0 1332,
63 0.6104 0.5411 352.6 1836.
Fig. 3 Error trends when No. of neurons in 74 0.8088 0.5564 229.9 3879.

hidden layer(NH) is 25.

RMS error
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Table 8 Averages of errors by LMS and neural

networks.
C Errors Errors
Method | N | 2 | #@in | Co)in
S average average
€ Fy Fx
LMS A - - 33.1 31.3
LMS B - - 15.6 26.8
1 0.05 0.06
2 0.03 0.04
3 0.06 0.07
4 0.03 0.05
5 0.02 0.03
6 0.31 0.33
30 7 0.14 0.14
3 0.08 0.09
9 0.14 0.18
14 | 0.03 0.05
Neural 15 0.09 0.13
Avg 0.15 0.19
: 1 0.02 0.03
Network 2 0.04 0.05
3 0.12 0.12
4 0.18 0.03
5 0.32 0.36
6 0.15 0.19
35 7 0.02 0.03
8 0.08 0.10
9 0.17 0.23
14 ] 019 0.20
15 | 0.02 0.04
[Avg | 0.1 0.13
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Table 9 Averages of errors by LMS and neural
networks for 68 set of experiments.

C Errors Errors
Method NH a (%) in (%) in
S average average
3 Fy Fx
LMS A - - 33.7 314
LMS B - - 16.3 28.4
1 6.24 3.20
2 7.08 237
3 5.98 14.9
4 6.25 19.5
5 6.76 219
6 5.53 3.74
30 7 6.48 16.7
8 8.75 5.57
9 5.93 6.88
14 7.72 23.8
Neural 15 7.06 21.3
Avg 6.58 - 155
1 5.37 5.09
Network 2 5.57 777
3 9.57 13.9
4 5.15 7.93
| 5§ | 6.1 8.25
| 6 7.60 25.5
35 7 8.64 9.06
8 6.92 4.17
9 9.66 9.63
14 6.36 9.60
15 7.41 15.2
Avg 6.96 11.4
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Table 10 Averages of errors by LMS and neural
networks for 64 set of experiments.

C Errors Errors
Method | N | @ | (@) in | (%) in
S average average
e Fy Fx
LMS A - - 323 30.7
LMS B - - 154 27.5
1 9.45 17.1
2 7.21 18.9
3 13.7 12.8
4 14.8 14.1
5 9.77 216
6 6.94 30.9
30 7 423 22.7
8 114 26.1
9 9.60 149
14 15.2 14.4
Neural 15 14.6 15.0
Avg 10.3 20.3
1 5.63 19.5
Network 2 132 203
3 14.2 19.3
4 9.33 16.8
5 15.8 23.5
6 7.48 17.3
35 7 12.0 11.1
8 5.35 17.3
9 5.25 21.5
14 13.1 16.4
15 13.8 14.3
Avg 11.3 17.9
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