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Table1l The property data of materials
N Compound X1 Xo X3 Xa Xs
1 zZnS 3.90 3.823 6.261 97.434 53
2 ALN 6.20 3.110 4.980 40.990 25
3 Zno 3.30 3251 5.209 81.369 22
4 AgGaS, 264 5.751 10.238 241.718 53
5 CuGas, 243 5.351 10.470 197.388 53
6 LilOs 4.00 5.481 5171 181.836 22
7 Se 1.70 4.361 4.954 78.960 66
8 Gas 2.50 3.586 15.496 101.784 53
9 SiC 6.00 4.359 4.359 40.090 29
10 S0, 8.40 4913 5.405 60.078 22
1 Te 0.33 4.457 5.939 236.550 82
12 Adl 2.80 6.473 6.473 234.770 126
13 CuCl 317 5.405 5.405 98.993 77
14 Cul 295 6.042 6.042 190.440 96
15 InSb 0.23 6.479 6.479 236.550 89
16 AgGaSe, 1.80 5.981 10.865 335.510 66
17 AgInSe, 1.20 6.099 11.691 286.798 66
18 InAs 0.36 6.268 6.479 189.790 71
19 CdGeAs, 057 5.943 22.217 334.970 71
20 Gash 0.72 6.095 6.095 191.470 89
21 InSe 125 4.002 24.946 193.760 66
22 InP 1.35 5.868 5.868 145.770 59
23 AgeASS; 2.00 10.80 8.690 494.792 53
24 GaAs 1.40 5.653 5.653 144.710 71
25 CuGaSe, 1.70 5.606 11.006 242.468 66
26 GaSe 2.02 3.747 23.910 148.680 66
27 CulnS, 153 5.489 11.101 242.468 53
28 Hgs 2.10 4.145 9.496 232.654 53
29 B-SC 2.26 4.359 4.359 40.090 29
30 GaP 2.30 5.450 5.450 100.690 59
31 ZnTe 2.30 6.101 6.101 192.970 82
32 ZnSe 2.70 5.667 5.668 144.330 66
33 CuBr 291 5.690 5.690 143.449 82
34 CdGeP, 291 5.740 10.776 246.930 59
35 ZnSiAs, 1.74 5.606 10.880 243.430 71
36 ZnGeP, 2.05 5.463 10.731 199.900 59
37 CdGaSs 3.05 5.568 10.040 380.096 53
38 LiNbOs 4.00 5.148 13.860 147.842 22
CCM n 2 3,46 8
1. CCM
. K (
) 3,4,6,8 2.
(6, 38), (2, 9, 10) 1 6
2 CCM
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Fig.1 The cluster analysis based on CCM mapping
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Fig.2 Hierarchical cluster structure of materials 6

property data (The K-means algorithm was used

to obtain the cluster results)
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4
Minimize (X, —10)2 +5(% —12)% + X} + (%, —11)? +10x¢ + 7x2 + X¢ — 4% %, —10x, — 8%,
Subjectto  @,:127-2x2 —3x' —x, —4x2 5%, >0
g,:282-7x,—3% —10X — %, + X, >0 3
g,:196-23x, — X’ —6x; +8x >0 3
0, —4x =X +3%,% — 2% —5%, +11x, >0
(-10<x <10, =0, ,6).
X'=(2.3305, 1.9514, —0.4775, 4.3657, —0.6245, 1.0381, 1.5942), {'=680.63. 9l
0.5%.
100/0.005=20 000 100 CCM
2 . 3 ( 3 5).GA
2 3 (A) IGA+3, (B) IGA+5 (C) DebGA.
2 1 GA
Table2 Comparison of GA results for Example 1
Optimal Value ) )
Case Bt Medium Wordt Terminal generation, n
(A) IGA+3 690.17 695.00 704.21 181
(B) IGA+5 680.80 683.07 687.188 252
(C) DebGA 680.63 680.64 680.635 577
3 (A) (B) GA 5 3 . (B) (©)
IGA  DebGA . 5 6 (
)
3 DebGA
IGA
( 3 (Pardlel Coordinate System, PCS)
( 4 . PCS n
n 1 n 1 n
n-1 . 4 n=7 7 1
(=X)/(x=x) (1)
1x2 1x2
(a) With 3 clusters r (b) With 5 clusters
x1 25% L x1 50%
x2 59% x2 50%
° 0 | | | | | | 1x1 ° 0 | | 1x1

3CCM
Fig.3 The cluster analysis based on CCM mapping
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Fig.4 The PCS representation for feasible knowledge
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Fig.5 The flowsheet structure
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Cluster 0: X< (0.866+0.089), X, € (0.400+0.077), X, (30.000+0.000), X< (21.302+5.422),
%4 (0.633£0.247), X5 (0.433+0.196), X5 (30.000+0.000);

Cluster 1: X (0.574+0.169), X, € (0.582+0.079), X, (30.000+0.000), X< (16.383+8.268),
X4 (0.695+0.188), X5 (0.387+0.193), X5 (30.000:+0.000);

Cluster 2: X (0.687+0.130), X, € (0.499+0.109), X, (30.000+0.000), X3e(15.347+7.611),
%4 (0.479+0.151), X< (0.614+0.106), X< (30.000:0.000).
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Fig.6 The cluster analysis based on CCM mapping Fig.7 The PCS representation for 3 clusters
with 3 clusters feasible knowledge
(1) Xo (0,2 (0.574+0.169),
(0.687+0.130) (0.866+0.089).
) 7 Xo
X1 . X4 X5 .
(3) X1 30%. X1
PCS X1>Xo>X6>Xa>X3>(Xo, Xe).-
IGA. (A) DebGA; (B) IGA+3.
3 GA , (A)
(B) . (A) DebGA
DebGA
GA
3GA
Table3 Comparison of GA results
Optimal value . .
Case Best (<109 Medium (<10°) _ Worst (x10% Terminal generation
(A) DebGA 6.50 6.53 6.60 30
(B) IGA+3 —363 -361 —357 26
3 13 9 (1,1,1,2,1,1,1,1,1,3,3,3,1)
—15.
Minimize 5%, x -5 % - 25X

Subjectto  Q,:2X + 2X, + X + X, <10, g, 2X% + 2X, + X, + X, <10,

O, 2X + 2%, + X, + %, <10, Q,:-8X+X%X,<0, 0g;:-8x,+x,<0 (4)
06 8%+ X, <0, 9, 1=2X%, = X+ X%, <0
O —2% — % + X, <0, 0o =2%—%+X,<0
0<x <1 i=1 ,9; 0<x<100, 1i=101112; O<x,<1.
01, 02, U3 X105 X115
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Cluster Analysis and Visualization Enhanced Genetic Algorithm
—I1. Analysis of Cases and Validation

SUN Xiao-jing, WANG Ke-feng, YAO Ping-jing
(Inst. Chem. Process Systems Eng., Dalian University of Technology, Dalian, Liaoning 116012, China)

Abstract: This paper validated that the Cluster Constrained Mapping (CCM) can keep the “topologica” information
of the points in the reduced dimension map by comparing the cluster results obtained using the K-means algorithm.
The enhanced GA proposed in Part | was applied to three constrained optimization cases. The results show that the
combination of visualization, cluster analysis and genetic algorithms can help users to participate in selecting
appropriate parameters of clusters, and the combination of a computer and the user is more powerful than either
alone, which is an effective process optimal design tool with high solution quality and consistency. In the new cluster
anadlysis method, the data are visualized by CCM that provides immediate direct information about the feasible
domain, and the user is directly involved in determining the parameters for the cluster analysis and increasing the
effectiveness of feasible regions discovery by visua interaction; the obtained knowledge is visualized by Paralé
Coordinate Systems (PCS), thus the user has a deeper understanding of the feasible regions. It is clear that in most
cases the proposed |GA based on the combination of visualization and cluster analysis has performed not only with
the high efficiency (in terms of getting closer to the best-known solution) and with more robustness (in terms of the
number of GA runs finding solutions close to the best known solution), but aso with providing more information
about the feasible regions for the user to understand the model and accept the optimal results.

K ey words: visualization; cluster analysis; constrained optimization; genetic algorithm



