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Density peaks clustering based on shared nearest
neighbor for manifold datasets

ZHAOJ ial, MA Qingl, XIAO Renbin2, PAN Zhengxiang3, HAN Longzhe1

(1. School of Information Engineering, Nanchang Institute of Technology, Nanchang 330099, China; 2. Institute of artificial intelli-
gence and automation, Huazhong University of science and technology, Wuhan 430074, China; 3. Institute of Computer Science and
Engineering, Shandong University of Science and Technology, Qingdao 266590, China)

Abstract: Manifold data consists of some arc-shaped or ring-shaped clusters, which are characterized by a large dis-
tance between samples of the same cluster. Density peaks clustering (DPC) algorithm cannot effectively identify the
cluster centers of the manifold clusters and is prone to the problem of continuous misallocation of samples when allocat-
ing the remaining samples. To solve these problems, density peaks clustering based on shared nearest neighbor (DPC-
SNN) algorithm for manifold data is proposed in this paper. A sample similarity definition based on shared nearest
neighbor is proposed to make the similarity between samples of the same manifold cluster as high as possible; Then, the
local density is defined based on the above similarity without ignoring the density contribution of samples farther from
the cluster centers, which can better distinguish the cluster centers from other samples of manifold cluster; And then, the
remaining samples are allocated according to the similarity of samples to avoid continuous misallocation of samples.
The comparative experimental results between DPC-SNN and other algorithms of DPC, FKNN-DPC, FNDPC, DPCSA
and IDPC-FA show that DPC-SNN can effectively find the cluster centers of manifold data and accurately complete
clustering, and has a good clustering effect on real and faces datasets.

Keywords: density peaks; clustering analysis; manifold data; K nearest neighbor; shared nearest neighbor; manifold
data; sample similarity; data mining; image processing
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Table 1 Basic information of manifold datasets

Lineblobs 266 2 3
Pathbased 300 2 3
Spiral 312 2 3
Jain 373 2 2
Sticks 512 2 4
Db 630 2 4
Cmc 1002 2 3
Circle 1897 2 3

R2 EXBEENELRER

Table 2 Basic information of real datasets

PGES HEARL i3 BN /344
Iris 150 4 3
Wine 178 13 3
Seeds 210 7 3
Ecoli 336 8 8
Ionosphere 351 34 2
Libras 360 90 15
WDBC 569 30 2
Segmentation 2310 20 7
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Table3 Comparison of six algorithms on manifold datasets

YIS Ak AMI ARI FMI  Arg- || % KER7S AMI ARI FMI  Arg-

DPC-SNN 1 1 1 3 DPC-SNN 1 1 1 2

IDPC-FA 1 1 1 — IDPC-FA 1 1 1 —

Lineblobs DPCSA 1 1 1 — Sticks DPCSA 0.7634 0.6360 0.7443 —
FNDPC 0.6386 0.5769 0.7218 0.21 FNDPC 0.7634 0.6390 0.7467 0.16

FKNN-DPC 1 1 1 12 FKNN-DPC 1 1 1 6

DPC 0.7799 0.7210 0.8166 3.7 DPC 0.8094 0.7534 0.8235 2.1

DPC-SNN  0.9651 0.9795 0.9863 17 DPC-SNN 1 1 1 8

IDPC-FA  0.8442 0.8593 0.9067 — IDPC-FA  0.6526 0.5033 0.6999 —

Pathbased DPCSA 0.7073 0.6133 0.7511 — Db DPCSA 0.4136 0.1096 0.4689 —
FNDPC 0.5751 0.5067 0.7065 0.01 FNDPC 0.5098 0.2714 0.5803 0.09

FKNN-DPC 0.9305 0.9499 0.9665 9 FKNN-DPC 0.5107 0.2718 0.5793 19

DPC 0.5212 04717 0.6664 3.8 DPC 0.5185 0.2794 0.5853 4.0

DPC-SNN 1 1 1 3 DPC-SNN 1 1 1 5

IDPC-FA 1 1 1 — IDPC-FA  0.8093 0.8421 0.9027 —

Spiral DPCSA 1 1 1 — Cme DPCSA 0.6656 0.5761 0.7454 —
FNDPC 1 1 1 0.07 FNDPC 0.8093 0.8421 0.9027 0.28

FKNN-DPC 1 1 1 6 FKNN-DPC 1 1 1 49

DPC 1 1 1 1.8 DPC 0.3857 0.2661 0.5377 5

DPC-SNN 1 1 1 2 DPC-SNN 1 1 1 15

IDPC-FA 1 1 1 — IDPC-FA  0.4629 04385 0.7652 —

Tain DPCSA 0.2167 0.0442 0.5924 — Circle DPCSA 0.2950 0.0833 0.5242 —
FNDPC 0.5961 0.7257 09051 047 FNDPC 0.4236 0.2732 0.5863 0.29

FKNN-DPC 0.7092 0.8224 0.9359 43 FKNN-DPC 0.7063 0.6139 0.7790 32

DPC 0.6183 0.7146 0.8819 0.8 DPC 0.2747 0.0554 0.5005 3.3
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Table 4 Rank mean of indices of six algorithms on mani- IDPC-FA 0.350 0.350 0.350
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Fig.3 Clustering results of six algorithms on Db dataset
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Fig. 4 Clustering results of six algorithms on Jain dataset
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Table 6 Comparison of six algorithms on real datasets
B ERFS AMI  ARI FMI  Arg- G S ERFS AMI  ARI FMI  Arg-
DPC-SNN  0.8831 0.9038 0.9355 12 DPC-SNN  0.3961 0.5086 0.7954 19
IDPC-FA  0.8623 0.8857 0.9233 — IDPC-FA  0.1355 0.2183 0.6432 —
DPCSA 0.8831 0.9038 0.9355 — DPCSA 0.1335 02135 0.6390 —
Iris Inonsphere
FNDPC 0.8831 0.9038 0.9355 0.11 FNDPC 0.1630 0.2483 0.6531 0.06
FKNN-DPC 0.8831 0.9038 0.9355 22 FKNN-DPC 0.3485 0.4790 0.7716 8
DPC 0.8606 0.8857 0.9233 0.2 DPC 0.1376 02231 0.6476 0.4
DPC-SNN  0.8598 0.8837 0.9277 45 DPC-SNN  0.5770 0.3639 0.4138 20
IDPC-FA  0.7675 0.7713 0.8478 — IDPC-FA 05733 0.3816 0.4247 —
DPCSA 0.7480 0.7414 0.8283 — DPCSA 0.5388 03095 03791 —
Wine Libras
FNDPC 0.7898 0.8025 0.8686 0.26 FNDPC 0.5494 0329 03869 0.17
FKNN-DPC 0.8481 0.8839 0.9229 8 FKNN-DPC 0.5554 0.3459 0.4044 10
DPC 0.7065 0.6724 0.7835 2 DPC 0.5358 03193 03717 03
DPC-SNN  0.7500 0.8002 0.8662 34 DPC-SNN  0.6035 0.5205 0.5976 44
IDPC-FA  0.7299 0.7670 0.8444 — IDPC-FA  0.7179 0.6493 0.6982 —
DPCSA 0.6609 0.6873 0.7918 — DPCSA 0.5130 03667 04887 —
Seeds Segmentation
FNDPC 0.7136 0.7545 0.8361 0.07 FNDPC 0.7176 0.6338 0.6859 0.19
FKNN-DPC 0.7757 0.8024 0.8682 9 FKNN-DPC 0.6013 0.4780 0.5695 8
DPC 0.7299 0.7670 0.8444 0.7 DPC 0.6927 0.6004 0.6730 1.5
DPC-SNN  0.6781 0.7672 0.8363 60 DPC-SNN  0.7540 0.7502 0.9308 41
IDPC-FA  0.6638 0.7561 0.8284 — IDPC-FA  0.6237 0.7423 0.8829 —
DPCSA 0.4406 0.4593 0.6467 — DPCSA 03361 03771 0.7595 —
Ecoli Wdbce
FNDPC 0.4833 0.5618 0.7178 0.35 FNDPC 0.6076 0.3645 0.8758 0.05
FKNN-DPC 0.5878 0.5894 0.7027 2 FKNN-DPC 0.6423 0.7613 0.8894 2
DPC 0.4978 0.4465 0.5775 0.4 DPC 0.4366 0.4964 0.7941 0.5
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Table 7 Rank mean of indices of six algorithms on real

datasets
Bk AMI ARI FMI
DPC-SNN 5.31 4.94 5.19
IDPC-FA 3.81 3.88 3.88
DPCSA 1.69 1.81 1.81
FNDPC 3.44 3.31 3.69
FKNN-DPC 4.44 4.69 431
DPC 2.31 2.38 2.13
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Table 8 Test for significance of indices difference between
DPC-SNN and other algorithms on real datasets

(ER7S AMI ARI FMI
IDPC-FA 0.109 0.256 0.161
DPCSA 0.000 0.001 0.000
FNDPC 0.045 0.082 0.109
FKNN-DPC 0.350 0.798 0.350
DPC 0.001 0.006 0.001
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Table 9 Comparison of algorithms on Olivetti Faces data-
set

Bk AMI ARI FMI Arg-
DPC-SNN 0.8433  0.7330  0.7413 6
IDPC-FA 0.8093  0.6924  0.7029 —

DPCSA 0.8254  0.7025  0.7127 —

FNDPC 0.7965  0.6652  0.6778  0.44
FKNN-DPC  0.7989  0.6784  0.6885 5
DPC 0.7891  0.6549  0.6701 3.0
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Fig.5 Clustering results of DPC and DPC-SNN algor-
ithms on Olivetti Faces dataset
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