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Relative Neighborhood and Pruning Strategy Optimized
Density Peaks Clustering Algorithm

JI Xia"? YAO Sheng"?> ZHAO Peng"?®

Abstract In order to overcome the low efficiency defect of density peaks clustering (DPC) algorithm published in
Science and its improvement algorithms, a new relative neighborhood and pruning strategy optimized DPC (RP-
DPC) algorithm is proposed in this paper. There are two main phases in DPC: determination of cluster centers and
cluster assignation for remaining samples. The time complexity of DPC is determined by the first phase, so the im-
provements for the determination of cluster centers are proposed in this paper. Firstly, the RP-DPC algorithm maps
samples to their relative neighborhoods, then computes the local density of every sample on the basis of relative
neighborhood. This method shrinks the range of distance computing and density counting of every sample, thus
avoiding a lot of unnecessary distance calculations. Secondly, the pruning strategy is led into the & value comput-
ing of every sample, which restricts the 6 computing of massive pruned samples to within their own neighborhoods,
so as to greatly improve the efficiency. We demonstrate that: our RP-DPC algorithm can improve the time per-
formance significantly on the basis of having same clustering quality compared with the DPC algorithm and its im-
provement algorithms through the theory analysis and the experiments on several popular test cases that include
both synthetic and real-world data sets from the UCI machine learning repository.
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Table 1  Data sets used in experiments

Hln ke REAKL/RAESL AR VR Kl gE FEAKL /LS FHREBL RVE
flame 240/2 3/3CHik [18] iris 150/4 3/3CHk [21]
pathbased 300/2 3/3CHR [19] wine 178/13 3/3CHR [21)
spiral 312/2 3/3CHR [19] WDBC 569/30 2/3CHR [21]
aggregation 788/2 7/3CHR [17] segmentation 2 310/19 7/3CHR [21]
D31 3100/2 31/3CHR [20] waveform 5 000/21 3/3CHR [21]
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Table 2 Clustering results of six algorithms on synthetic datasets
EIEITES Bk F/P Par Acc  AMI  ARI Bk F/P  Par  Acc AMI  ARI
DPC 2/2 5 1.000 1.000 1.000 KNN-DPC 2/2 5 0.992 0.978 0.962
flame DF-DPC 2/2 0.157 1.000 1.000 1.000 FKNN-DPC 2/2 5 1.000 1.000 1.000
E-DPC 2/2 5 1.000 1.000 1.000 RP-DPC 2/2 5 1.000 1.000 1.000
DPC 3/3 2 0.752 0.578 0.517 KNN-DPC 3/3 0.983 0.951 0.924
pathbased DF-DPC 3/3 0027 0493 0402  0.399 FKNN-DPC 3/3 0983 0951  0.924
E-DPC 3/3 5 0.987  0.941 0.960 RP-DPC 3/3 2 0.752 0.578 0.517
DPC 3/3 2 1.000 1.000 1.000 KNN-DPC 3/3 1.000 1.000 1.000
spiral DF-DPC 3/3 0148  1.000  1.000  1.000 FKNN-DPC 3/3 1000 1.000  1.000
E-DPC 3/3 5 1.000 1.000 1.000 RP-DPC 3/3 2 1.000 1.000 1.000
DPC /7 4 0.999 0.998  0.996 KNN-DPC 3/3 0.999 0.997  0.995
aggregation DF-DPC T/7 0.084  0.999 0.998  0.996 FKNN-DPC 3/3 0.999 0.997  0.995
E-DPC 77 4 0.999 0.998 0.996 RP-DPC 3/3 2 0.999 0.998 0.996
DPC 31/31 1 0.968 0.937  0.956 KNN-DPC 31/31 12 0.954  0.903 0.939
D31 DF-DPC 31/31 0.039 0.968 0.937 0.956 FKNN-DPC 31/31 12 0.954 0.903 0.939
E-DPC 31/31 1 0.968 0.937  0.956 RP-DPC 31/31 1 0.968 0.937  0.956
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Table 3  Clustering results of six algorithms on real datasets
Hm e Hik F/P  Par Acc  AMI  ARI Bk F/P  Par Acc AMI  ARI
DPC 3/3 2 0.887 0.767 0.720 KNN-DPC 3/3 7 0.960 0.902 0.860
iris DF-DPC 3/3 0.126 0.727 0.615 0.561 FKNN-DPC 3/3 7 0.973 0.912 0.922
E-DPC 3/3 2 0.933 0.887 0.862 RP-DPC 3/3 2 0.887 0.767 0.720
DPC 3/3 2 0.882 0.706 0.672 KNN-DPC 3/3 0.921 0.769 0.737
wine DF-DPC 3/3 0.473 0.916 0.757 0.756 FKNN-DPC 3/3 0.949 0.831 0.852
E-DPC 3/3 2 0.882 0.706 0.672 RP-DPC 3/3 2 0.882 0.706 0.672
DPC 2/2 0.85 0.845 0.415 0.471 KNN-DPC 2/2 7 0.944 0.679 0.786
WDBC DF-DPC 2/2 0.407 0.838 0.374 0.451 FKNN-DPC 2/2 7 0.944 0.679 0.786
E-DPC 2/2 0.85 0.845 0.415 0.471 RP-DPC 2/2 0.85 0.845 0.415 0.471
DPC 6/5 3 0.684 0.651 0.550 KNN-DPC 6/5 0.718 0.539 0.632
segmentation DF-DPC  6/5 0337 0746  0.703  0.607 FKNN-DPC 6/5 0.716  0.655  0.555
E-DPC 6/5 3 0.684 0.651 0.550 RP-DPC 6/5 3 0.684 0.651 0.550
DPC 3/3 0.5 0.586 0.318 0.268 KNN-DPC 3/3 0.696 0.338 0.313
waveform DF-DPC  3/3  0.604 0492 0325  0.276 FKNN-DPC 3/3 0.703  0.324  0.350
E-DPC 3/3 2 0.716 0.368 0.338 RP-DPC 3/3 0.5 0.586 0.318 0.268
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Table 4 Running time of six algorithms on several datasets (s)
iRk DPC DF-DPC E-DPC KNN-DPC FKNN-DPC RP-DPC
flame 0.103 0.185 0.142 0.179 0.188 0.054
pathbased 0.137 0.265 0.201 0.193 0.260 0.036
N T H 4 spiral 0.132 0.313 0.211 0.221 0.311 0.027
aggregation 0.354 0.567 0.524 0.717 0.764 0.035
D31 1.825 3.603 3.592 4.382 4.671 0.221
iris 0.088 0.142 0.131 0.137 0.156 0.020
wine 0.108 0.172 0.131 0.141 0.165 0.032
PR WDBC 0.372 0.836 0.482 0.705 0.904 0.058
segmentation 1.836 2.763 2.013 4.220 4.918 0.191
waveform 9.551 16.381 13.106 22.528 24.741 0.537
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Table 5 Pruning ratio of RP-DPC algorithm on ten data sets

e R R RP-DPC B (%) HpEsk Bl R RP-DPC WHLR (%)
flame 240 5 97.9 iris 150 15 90
pathbased 300 8 97.3 wine 178 9 94.9
spiral 312 10 96.8 WDBC 569 21 96.3
aggregation 788 23 97.1 segmentation 2 310 55 97.6
D31 3100 49 98.4 waveform 5 000 89 98.2
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