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DBSCAN Advantages
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http://commons.wikimedia.org/wiki/File:DBSCAN-density-data.svg
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DBSCAN Disadvantages

Sensitive to Euclidean distance measure problems
(But so is k-means)

Variable density can be a problem
Related to heteroskedasticity
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Variable density

50

40| .
30} . .
20} erol .
10} Yo
ol e g
_10l
>0l

—30F

MN8s "6 -3 2 0 2

Bill Howe, UW




P1

P3

UNIVERSITY of WASHINGTON

Parallelizing DBSCAN
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DBSCAN

Wa rd

SpectralClustering

MeanSift

MiniBatchKMeans AffinityPropagation

http://scikit-learn.org/stable/modules/clustering.html




