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Fast Density-Based Clustering Approach
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Abstract: Density-based spatial clustering of applications with noise (DBSCAN) has poor scalability on
the data size, especially when the amount of data increases. Here an improved adaptive fast-density-based
spatial clustering of applications with noise (F-DBSCAN) algorithm is proposed, with no longer checks of
the objects inside the neighborhood of core objects, but just the mark of them. Merging clusters is per-
formed by determining whether there exist the marked objects in the neighborhood of core objects. Noisy
objects are recognized by checking whether the neighborhood of border ones contains a core ones. The
proposed algorithm can avoid the repeated checking of overlapping area of the original DBSCAN without
building the spatial index, thus improving its efficiency substantially with time complexity approaching O
(nlogn). The clustering quality of F-DBSCAN is validated on both artificial and real datasets, and its effi-
ciency is also validated on two real datasets from different industries. The empirical results suggest that
F-DBSCAN can achieve good clustering quality as well as better efficiency and scalability.
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Table 1 Running time of each algorithm s

FEA R DBSCAN K-means F-DBSCAN (N *logiN) * d

5 000 4. 288 80 2.233 802 0.260 932 0.260 932

10 000 12.546 0 6.594 758 0.744 271 0.564 335

15 000 26.973 9 13.338 90 1. 449 244 0.883 767

20 000 57.758 0 26.489 16 2.13 7203 1.213 610

25 000 91.157 9 36. 875 84 2.683 459 1.551 194

30 000 129.739 8 53.190 94 3.602 572 1. 894 946

35 000 172.517 3 71.945 75 4.278 538 2.243 824

39 000 221.264 4 90.70 292 5. 244 346 2.526 125
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Fig. 5 The clustering results of Datasetl
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Fig. 6 The clustering results of Dataset2
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Table 2 The comparison of clustering results for each algorithm
g/ FEA L Ak R FEARA B TR
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Spiral 312 DBSCAN 34 11%
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K-means 228 57%
Compound 399 DBSCAN 16 4%
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