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Rocchio
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Single-Pass algorithm
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K-means
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K-means
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PAM (Partitioning Around Medoids,1987)
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Regional Differences in Clustering between COS and NV
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Fuzzy C-means(FCM)
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Hierarchical Clustering
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Hierarchical Clustering
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Single-Linkage Clustering
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Single-Linkage Clustering
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Single Linkage Cluster Analysis
of Data Containing Well-Separated, Compact Clusters
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Input distance matrix

Taennanaaaeiin =0

BA Fl Mi NA RM TO
BA 0 662 877 255 412 996
Fl 662 0 295 468 268 400
Mi 877 295 0 754 564 138
NA 255 468 754 0 219 869
RM 412 268 564 219 0 669
TO 996 400 138 869 669 0
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BA FI Mi NA RM TO
BA 0 662 877 255 412 996
Fl 662 0 295 468 268 400
Ml 877 295 0 754 564 138
NA 255 468 754 0 219 869
RM 412 268 564 219 0 669
TO 996 400 138 869 669 0
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Genetic Algorithm
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Genetic Algorithm
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Biological Chromosomes were the
incentive for Genetic Algorithms
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Traveling Salesman Problem -
Genetic Algorithm Finds a near-
optimal solution
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