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Clustering ensembles algorithm based on fractal dimension
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Abstract: The fractal dimension based clustering ensembles algorithm was studied. It introduced
clustering algorithm based on fractal dimension at first in order to create partitions for clustering
ensembles, then using voting strategy to get ensembles result. Finally,an idea on distributed clustering
ensembles under cloud computing environment was brief discussed. Fractal dimension based clustering
ensembles algorithm can offer better solutions in terms of robustness,novelty and stability than the
single clustering algorithm based on fractal dimension. Combining the approaches based on grid and
fractal.the clustering algorithm called grid and fractal dimension based clustering algorithm (GFDC)
was presented to create partitions for clustering ensembles instead of clustering algorithm based on
fractal dimension. GFDC is able to capture arbitrary shapes and non-neighboring clustering and can be
applied to the massive and high-dimension dataset.
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