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Abstract: Density Peak Clustering algorithm faces challenges in detecting density peaks in manifold data,
and its assignment strategy often misallocates samples far from density peaks. To address these issues, this
paper proposes a Natural Neighbor Graph Optimization and Micro—Cluster Merging Density Peak
Clustering algorithm for manifold data. First, based on the natural neighbor graph, a novel local density

measurement method is designed using geodesic distances between vertices, which accurately characterizes
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the internal structure and distribution properties of manifold data. Second, by analyzing the connection

relationships between vertices in the natural neighbor graph, the algorithm automatically identifies

representative samples and determines local cores to guide micro—cluster partitioning. Finally, a new

similarity measurement criterion for micro—clusters is defined based on geodesic distances between

samples, which optimizes clustering performance throughmicro—cluster merging. The proposed algorithm

is compared with four improved density peaks clustering algorithms and the original density peaks clustering

algorithm. Experimental results show that the proposed algorithm can be effectively applied to clustering

analysis of manifold data and real-world datasets.

Key words:density peak clustering; clustering algorithm; manifold data; natural neighbor graph; geodesic

distance ; micro—cluster merging
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Table 1 Clustering results of six algorithms on ten manifold datasets

. LineBlobs Pathbase
wox ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 1 1 1 2 0.990 5 0.983 0 0.993 7 2
SDPC 0.5419 0.623 0 0.699 9 0.1 0.484 3 0.522 1 0.666 6 0.1
DPC-CE 1 1 1 — 04738 0.486 4 0.693 8 —
IDPC-FA 1 1 1 — 0.859 3 0.844 2 0.906 7 —
DPCSA 1 1 1 — 0.613 3 0.707 3 0.7511 —
DPC 0.8237 0.837 5 0.884 2 4.2 0.508 2 0.557 3 0.684 8 0.4
. Jain Compound
ik ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 1 1 1 4 0.905 6 0.882 2 0.930 2 10
SDPC 1 1 1 0.1 0.702 2 0.707 4 0.782 1 0.1
DPC-CE 1 1 1 — 0.808 2 0.614 1 0.706 0 —
IDPC-FA 1 1 1 — 0.832 7 0.792 2 0.8815 —
DPCSA 0.044 2 0.216 7 0.592 4 — 0.828 4 0.839 2 0.870 7 —
DPC 0.714 6 0.618 3 0.8819 0.8 0.636 2 0.825 0 0.723 6 4.6
P Db Cmc
ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 1 1 1 7 1 1 1 7
SDpPC 0.396 1 0.544 1 0.641 4 0.1 0.638 5 0.563 2 0.7858 0.1
DPC-CE 0.675 8 0.558 8 0.739 5 — 0.669 4 0.736 2 0.835 2 —
IDPC-FA 0.503 3 0.652 6 0.699 9 - 0.842 1 0.809 3 0.902 7 —
DPCSA 0.109 6 0.4136 0.468 9 — 0.576 1 0.665 6 0.7454 —
DPC 0.279 4 0.5185 0.585 3 4 0.266 1 0.3857 0.537 7 5
i Cth3 Ls
ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 0.997 1 0.994 8 0.997 9 10 1 1 1 11
SDPC 0.4715 0.652 8 0.620 4 0.1 0.589 2 0.669 7 0.702 3 0.1
DPC-CE 0.8255 0.7158 0.793 5 - 0.743 5 0.639 2 0.7415 —
IDPC-FA 0.8327 0.8758 0.878 6 — 0.627 4 0.707 6 0.732 5 —
DPCSA 0.653 8 0.789 1 0.754 7 - 0.599 9 0.7252 0.7129 —
DPC 0.513 5 0.686 6 0.647 3 0.1 0.689 4 0.766 5 0.7779 0.9
7 Circle3 Complex9
ik ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 1 1 1 16 1 1 1 16
SDhprC 0.146 2 0.2217 0.483 4 0.1 0.556 1 0.679 7 0.638 9 0.1
DPC-CE 0.529 0 0.255 5 0.627 9 — 0.4615 0.695 8 0.552 7 —
IDPC-FA 0.438 5 0.462 9 0.765 2 - 0.957 7 0.951 3 0.965 8 —
DPCSA 0.083 3 0.295 0.524 2 — 0.422 1 0.682 1 0.518 8 —
DPC 0.301 5 0.359 6 0.604 8 0.3 0.609 4 0.740 2 0.683 9 2
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Table 2 Mean ranks on the manifold dataset
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Fig. 4 Clustering results of six algorithms on Db dataset
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Table 3 Clustering results of six algorithms on eight real datasets

s Tris Seeds
i ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 0.883 1 0.852 5 0.9216 3 0.775 5 0.7324 0.849 8 35
SDPC 0.8857 0.862 3 0.923 3 0.1 0.7657 0.7215 0.843 2 0.1
DPC-CE 0.663 4 0.7277 0.782 4 — 0.744 8 0.714 4 0.8297
IDPC-FA 0.8857 0.862 3 0.9233 — 0.767 0.7299 0.844 4 —
DPCSA 0.903 8 0.883 1 0.9355 — 0.687 3 0.6609 0.7918 —
DPC 0.903 8 0.883 1 0.9355 3.2 0.767 0.729 8 0.844 4 0.7
ok Wine Ecoli
ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 0.864 9 0.8197 0.910 3 26 0.757 8 0.6750 0.834 3 4
SDPC 0.870 8 0.8550 0.914 0 0.1 0.6799 0.574 22 0.762 26 0.1
DPC-CE 0.536 2 0.584 1 0.694 5 — 0.114 5 0.070 4 0.580 2 —
IDPC-FA 0.7713 0.767 5 0.847 8 — 0.756 1 0.663 8 0.8284 —
DPCSA 0.741 4 0.748 0 0.828 3 — 0.459 3 0.440 6 0.646 7 —
DPC 0.770 3 0.769 5 0.847 4 24 0.4109 0.522 3 0.554 5 2.1
N Iononsphere Libras
F ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 0.4195 0.305 4 0.760 3 11 0.386 5 0.583 5 0.4358 11
SDPC 0.217 6 0.150 4 0.627 7 0.1 0.2557 0.4510 0.3084 0.1
DPC-CE 0.114 5 0.070 4 0.580 2 — 0.3531 0.557 0 0.419 2 —
IDPC-FA 0.218 3 0.1355 0.643 2 — 0.3816 0.5733 0.424 7 —
DPCSA 0.213 5 0.1335 0.639 0 — 0.309 5 0.538 8 0.379 1 —
DPC 0.230 6 0.1484 0.644 9 1.8 0.362 6 0.583 2 0.4190 0.5
N WDBC Waveform
S ARI AMI FMI Arg- ARI AMI FMI Arg-
DPC-NGMM 0.8114 0.704 3 0.9130 6 0.3196 0.367 3 0.574 4 55
SDPC 0.773 0 0.676 4 0.897 7 0.1 0.356 1 0.364 8 0.593 8 0.1
DPC-CE 0.4355 0.374 2 0.774 3 — 0.2836 0.327 4 0.5456 —
IDPC-FA 0.773 0 0.676 4 0.897 7 — 0.3114 0.295 6 0.533 1 —
DPCSA 0.377 1 0.336 1 0.759 5 — 0.2236 0.251 0 0.5327 —
DPC 0.754 8 0.637 5 0.887 6 0.7 0.269 8 0.326 1 0.529 2 0.1
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Table 4 Mean ranks on the real dataset

(A87S ARI AMI FMI
DPC-NGMM 5.25 5.38 5.25
SDPC 3.94 4.06 3.81
DPC-CE 2.06 2.25 2.44
IDPC-FA 3.81 3.19 3.69
DPCSA 2.19 2.06 2.44
DPC 3.75 4.06 3.38
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