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Abstract: Aiming at the inaccuracy of clustering numbers and the slow speed of ordinary consensus
clustering algorithms, Newman greedy algorithms of complex networks theory and spectral clustering al-
gorithms were combined to propose a novel consensus clustering algorithm based on Minkowski distance.
The algorithm depicts the similarity between samples in terms of Minkowski distance and adopts the strat-
egy of random walk. By adjusting the parameters of the Laplacian distance, the accurate information of the
clustering number is automatically obtained. The simulation results show that the proposed consensus
clustering algorithm based on Minkowski distance has the superiority of the running time and accuracy of
the clustering number. This method was applied to actual copper froth flotation process, and the results
further illustrated its effectiveness.
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Fig. 1 Chart of consensus clustering method
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Tab.1 All used data including random
data, figure data, UCI data
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Tab.2 Results of three kinds of consensus clustering algorithm analyzing data in table 1
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BEHL 5 2 5 124.634 5 200 4 6.368 7 3 5 77.356 9 5
Flame 2 205.429 5 200 2 8.864 0 3 2 134.658 5 2
Iris 3 55.561 4 200 3 3.8387 3 2 35.927 3 3
Wine 3 90.077 1 200 3 5.115 6 3 3 56.202 7 3
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