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1 GA
Tablel Comparison of GA results
Different cases Opt mgl value Terminate generation
Best Medium Worst
(A) IGA+3 13.6110 40.0910 250.1120 30
(B) IGA + 4 without user interaction 13.5913 24.0743 172.8100 33
(C) IGA+4 13.5908 16.4210 172.8100 33
(D) IGA+5 13.5908 15.4530 117.0200 35
(E) DebGA 13.5908 13.61673 114.6900 40
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Cluster Analysis and Visualization Enhanced Genetic Algorithm
—1. Eduction, Principle and Analysis

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

Abstract: Genetic Algorithms (GA) based on penalty function methods have been the most popular approach to
constrained optimization problems because of their simplicity and ease of implementation. But how to find
appropriate penalty parameters needed to guide the search towards the constrained optimum in the penalty function
approaches is very difficult. A new cluster analysis based on visualization is proposed to address the constrained
optimization problems. First, a Cluster Constrained Mapping (CCM) method based on feed-forward Artificial Neural
Network (ANN) is proposed for dimension-reduction mapping from the original n-D space to 2-D, conserving the
cluster information in the reduced dimensiona space. Then the agglomerative algorithm that works in 2-D space is
caled upon for cluster analysis. Its parameters are provided through visualization and subsequent interaction with
the user. Finally, the cluster information is derived from 2-D back into n-D to obtain the feasible region knowledge in
the origina dimensions, which is used in the IGA. The enhanced GA, incorporating a new cluster analysis method
through data visuaization (CCM) and user interaction guarantees the process of evolution in feasible regions without
requiring any penalty parameters.

Key words: visuaization; cluster analysis; constrained optimization; genetic algorithm
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