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Table 1 Actual extremes and corresponding optimization deviations with different 6, .0, and sample size
‘ * d, ‘D‘(%) P.(%) |P(%)] D, ‘D\(%) P.(%) |P(%)| D, ‘D‘(%) P.(%) |P,( %)
0,0, X ¥
n =36 n =49 n =64
-0.6144| -0.6144| 9.6896 | 0.25 1.24 | 77.41 | 22.59 | 0.12 .01 | 28.75 | 71.25 | 0.10 | 0.97 | 8.01 |91.99
22 0. 189 4 0.1894 | 11.7970 | 0.09 | 0.66 | 30.10 | 69.90 | 0.04 .32 1 9.85 [ 90.15 | 0.04 | 0.37 | 1.63 | 98.37
n =49 n =64 n = 81
-0.8192|-0.8192| 9.6133 | 0.58 | 5.85 | 5.45 | 94.55 | 0.36 .54 | 8.49 | 91.51 | 0.20 | 1.97 | 13.44 | 86.56
-0.8210| 0.6824 | 10.1316 | 0.28 | 2.65 | 10.75 | 89.25 | 0.15 .33 120.70 | 79.30 | 0.05 | 0.17 | 88.01 | 11.99
3 0.6824 | -0.8210| 10.1316 | 0.30 | 2.82 | 9.03 | 90.97 | 0.13 .14 125.39|74.61 | 0.06 | 0.31 | 67.98 | 32.02
0.683 9 0.6839 | 10.6510 | 0.08 | 0.18 |93.68 | 6.32 | 0.13 .09 [ 13.95(86.05 | 0.15 | 1.42 | 2.74 | 97.26
-0.0693|-0.0693 | 12.9761 | 0.11 | 0.87 | 0.80 | 99.20 | 0.06 .46 | 0.01 [99.99 | 0.05 | 0.40 | 0.50 | 99.50
n = 64 n = 81 n = 100
1.000 O 1.000 O 8.5955 | 0.09 | 1.10 | 0.00 |100.00| 0.09 .10 | 0.00 |[100.00| 0.06 | 0.67 | 0.00 |100.00
-0.9305]-0.9305| 9.874 1 0.32 | 3.11 | 9.29 | 90.71 | 0.33 .23 1 8.68 [ 91.32 | 0.33 | 3.18 | 8.93 |91.07
-0.2691 1. 0000 11.0955 | 0.20 1.76 | 0.00 |100.00| 0.07 .67 | 0.06 [ 99.94 | 0.09 | 0.83 | 0.00 |100.00
4 3 1.0000 | -0.2691| 11.0955 | 0.18 | 1.62 | 0.01 | 99.99 | 0.10 86 | 0.02 |99.98 | 0.08 | 0.73 | 0.00 |100.00
-0.9317] 0.3897 | 11.5742 | 0.16 | 1.27 | 18.48 | 81.52 | 0.24 .96 | 8.54 |91.46 | 0.21 1.80 | 2.70 | 97.30
0.3897 | -0.9318 | 11.5742 | 0.17 | 1.37 |16.39 | 83.61 | 0.25 .10 | 7.58 [92.42 | 0.20 | 1.71 | 5.02 | 94.98
0.390 2 0.390 2 13.276 5 | 0.15 1.10 | 2.15 | 97.85 | 0.09 . 65 1.64 [ 98.36 | 0.06 | 0.48 | 0.56 | 99.44
-0.2710]-0.2710 | 13.651 0 | 0.31 | 2.27 | 0.02 | 99.98 | 0.09 .65 | 0.07 [99.93 | 0.10 | 0.75 | 0.06 | 99.94
2 0,6,
Table 2 Averages of cluster and optimization with different 6, .0, and sample size
000 | n sEP(%) (ser N A R SN IR C O T
(%) ) (%)
36 2 2.46 32 62. 00 11 65. 63 0.17 0.95 53.75 46.25
2 2 49 2 1.35 33 68. 10 13 60. 61 0. 08 0. 66 19. 30 80. 70
64 2 0.94 41 73.00 18 56. 10 0.07 0. 67 4.82 95.18
49 5 2.51 40 73.57 15 62. 50 0.27 2.47 23.94 76. 06
325 64 5 1.79 46 70. 00 13 71.74 0.17 1.51 13.71 86.29
81 5 1.20 55 76. 00 23 58. 18 0.10 0. 85 34.53 65.47
64 8 2.49 54 76. 00 22 59. 26 0.20 1.70 5.79 94. 21
4 3 81 8 1. 60 57 73.00 22 61.40 0.16 1. 40 3.32 96. 68
100 8 1.25 61 83. 00 30 50. 82 0.14 1.27 2.16 97. 84
60. 69 0.15 1.28 17.92 82.08
SQP
4 soP . ( )
SQP
SQP ( 100
) 0, 6, =
SVM 325 5 n =49
SVM 15
20; N 15 x100 ;
Gaussian SQP 100
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15 5 ; 69 % 5 ;
SQP 100 1% 100 97 % 1
3 30% 4 3% 2
3 6, 6, = 325 n=49
Table 3 Clusters of support vectors and optimization results fore-and-aft clustering with 6, 6,] = 3 2.5 andn =49
(%)
1 -1.0000{-1.0000{8.189 8 | -0.061 6 | —0.062 8 | 12.863 8
2 -1.0000| -0.6667|8.4658 | -0.724 6| -0.7223 | 9.051 0
C, [87.07 | -0.8333|-0.8333| 8.5445 |-0.7245|-0.722 3| 9.051 0
8 -0.6667|-1.0000(8.4397|-0.7252|-0.7225| 9.051 0
9 -0.6667|-0.666719.0826|-0.7244| -0.7223| 9.0510
3 -1.0000{-0.3333(5.8730| -0.061 6| -0.062 8 | 12.863 8
C, |86.02|-1.0000|~-0.1667| 5.4473 |-0.7245|-0.722 3| 9.051 0
4 -1.0000| 0.0000 |5.0216|-0.7539| 0.617 3 9.862 8
5 -1.0000| 0.3333 [7.4216|-0.7541| 0.6175 9.862 8
7 -1.0000| 1.0000 |7.2891|-0.7540]| 0.617 3 9.8628 | C, [73.59|-0.8889| 0.777 8 7.5276 |-0.7540[ 0.6174 | 9.862 8
13 -0.6667| 1.0000 [7.8722|-0.7541| 0.617 4 9.862 8
6 -1.0000| 0.6667 |9.4179|-0.7541| 0.6174 | 9.8628
11 -0.6667| 0.3333 [8.6996|-0.7541| 0.6174 | 9.8628
C,, |73.88|-0.6667]| 0.500 0 9.3436 |-0.7540] 0.6174 | 9.862 8
12 -0.6667| 0.6667 [9.7058|-0.7541| 0.617 4 9.862 8
17 -0.3333] 0.3333 |9.5510(-0.0616|-0.0628| 12.863 8
10 -0.6667|-0.3333(7.7185| 0.6192 | -0.756 9| 9.846 4
C, |83.50|-0.5000|-0.5000| 7.718 1 |-0.061 7|-0.062 7|12.863 8
15 -0.3333|-0.6667|7.7177|-0.7540| 0.617 3 9.862 8
14 -0.3333|-1.0000(5.8829|-0.0616|-0.0627| 12.863 8
C, |86.01 |-0.1667|-1.0000]| 5.4565 |-0.7247|-0.722 6| 9.051 0
20 0.0000 | -1.0000{5.0301| 0.6193 | -0.7569| 9.846 4
16 -0.3333| 0.0000 [11.377 3| -0.061 6| -0.062 8 | 12.863 8
21 0.0000 | -0.333311.3947| -0.061 6| -0.0628| 12.8638 | C, |83.50 | -0.111 1| -0.111 1| 11.843 6 |-0.061 6/ 0. 062 8|12.863 8
22 0.0000 | 0.0000 (12.758 6/ -0.061 7| -0.062 8 | 12.863 8
18 -0.3333| 0.6667 |7.1481|-0.7541| 0.617 4 9.862 8
19 -0.3333] 1.0000 [6.4250| 0.6314 0.6314 | 10.6318 | C, |86.62|-0.2222| 0.777 8 6.6212 |-0.754 0] 0.6174 | 9.862 8
23 0.0000 | 0.6667 |6.2906|-0.0616|-0.0628 | 12.863 8
24 0.3333 | -1.0000(7.4013| 0.6194 | -0.7570| 9.8464 | C, |100.00| 0.3333 | -1.0000| 7.4013 | 0.6194 |-0.757 0| 9.846 4
25 0.3333 | -0.6667|8.6815| 0.6193 | -0.7568| 9.846 4
26 0.3333 | -0.3333(9.5496|-0.0616|-0.0627| 12.863 8
C,, |73.88| 0.5000 | -0.6667| 9.3355 | 0.6194 |-0.7569]| 9.846 4
30 0.6667 |—-1.00001{9.4230| 0.6193 | -0.7570| 9.846 4
31 0.6667 | -0.6667|9.6879| 0.6193 | -0.7569| 9.846 4
27 0.3333 0.3333 |9.5029|-0.0616|-0.0628| 12.863 8
34 0. 666 7 0.3333 |[8.6590| 0.6314 0.6315 | 10.6318 | C,, |78.62| 0.5556 0.444 4 9.600 1 |0.6314 |0.6315 |10.63138
35 0. 666 7 0.666 7 [10.638 3| 0.631 4 0.6315 | 10.6318
28 0.3333 0.6667 [8.6499| 0.6314 | 0.6315 | 10.6318
C,, 18396 0.3333 0.8333 8.0410 | 0.6314 |0.6315 |10.6318
29 0.3333 1.0000 |[7.4321| 0.6314 | 0.6315 | 10.6318
32 0.6667 |-0.3333(7.1446| 0.6193 | -0.7569| 9.846 4
33 0. 666 7 0.0000 [6.3163|-0.0616|-0.0628| 12.8638 | C, |86.62| 0.7778 | -0.2222| 6.6278 | 0.6193 |-0.757 0| 9.846 4
38 1.0000 | -0.3333(6.4226| 0.6193 | -0.7569| 9.846 4
36 1.0000 | -1.0000|7.264 1| 0.6193 | -0.7569| 9.846 4
C,. |87.09| 1.0000 |-0.8333| 7.5696 [-0.0616/-0.0628|12.863 8
37 1.0000 | -0.6667|7.8751| 0.6193 | -0.7570| 9.846 4
39 1.000 0 0.3333 |7.4284| 0.6314 0.6315 | 10.6318
C,. |75.67| 1.0000 0. 666 7 7.048 6 |-0.061 6/-0.062 8| 12.863 8
40 1. 000 0 1.000 0 [6.668 7| 0.631 4 0.6315 | 10.6318
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Table 4 Ergodicity about multi-extreme of different optimizing approaches
(100 )
0, 0, n
( ) sQP SQP
36 11 2(100%) 1(13%) 2(87%) 1( 100%)
22 49 13 2(100%) 1(7%) 2(93%) 1(100%)
64 18 2(100%) 1(2%) 2(98%) 1( 100%)
49 15 5(100%) 3(1%) 4(30%) 5(69%) 1(97%) 2(3%)
325 |64 13 5(100%) 3(1%) 4(21%) 5(78%) 1(89%) 2(11%)
81 23 5(100%) 3(1%) 4(14%) 5(85%) 1(88%) 2(12%)
64 22 8(100%) 6(16%) 7(59%) 8(25%) 1(11%) 2(89%)
4 3 81 22 8(100%) 5(1%) 6(25%) 7(55%) 8(19%) 1(10%) 2(84%) 3(6%)
100 30 8(100%) 6(3%) 7(53%) 8(44%) 1(3%) 2(93%) 3(4%)
5 d,.D,\ PP, (7o)
Table 5 ANOVA of d,,D,~ P, P versus n,,
F P
d, D, P, P, d, D, P, P d, D, P, P, d, D, P, P,
[ 0.008 89 |1.235| 908 | 908 | 0.004 44 |0.617| 454 | 454 | 1.19 | 2.51 | 1.83 | 1.83 |0.368 0. 161 [0.239|0. 239
0.02245 |1.475|1488 |1488| 0.003 74 |0.246| 248 | 248
0.031 34 | 2.71 |2 396 |2 396
0.00
33.33
—
66.67
73.56 73.59
IO0,00IIIIII—I‘IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
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Fig. 3 Clustering dendrogram of 40 support vectors
0, d, 0.15)
[0)
4 D, ( 1.28%). d,
SEP
4.1 SQpP Pearson 0.784(P =0.012). SEP
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( 57 )

input-output relationships are complex existing approaches of quality improvement can only obtain a local optimimization of the
process parameters. Therefore there is still great potential for product quality improvement. By adopting support vector machines
( SVM) to approximately model the complex relationship processes this article proposes a support vector clustering and sequen—
tial quadratic programming ( SQP) based approach for global optimization of process parameters. Firstly a SVM based approxi—
mation model for the complex processes is set up. Then based on g-tube theory the minimal similarity level and hence the ap—
propriate number of clusters are determined through analyzing the clustering dendrogram and the support vectors in the neighbor—
hood of each quality characteristics” extremes are clustered into one group. Lastly by using the geometrical centers of each clus—
ter as initial points the multi-extreme values of the quality characteristics are found through concurrent SQP optimization. The
simulation study shows that the proposed approach can effectively reflect the distributions of quality characteristics’ extremes and
achieve global optimimization of the process parameters; the average absolute deviation and the average relative deviation of the
optimization results from the actual extreme values are 0. 15 and 1.28% respectively and these deviations are independent of
the number of the quality characteristics’ extremes as demonstrates the high accuracy and stability of the approach. Moreover
after clustering the support vectors not only the ergodicity of SQP optimization results for all of the process extremes has been en—
sured but also the number of SQP optimization has been decreased by at least 50% as increases the optimization efficiency of
the approach.
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