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Clustering Algorithm by Fast Search and Find of Density Peaks for Complex High-dimensional
Data
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Abstract Unsupervised clustering in machine learning is widely applied in various object recognition tasks. A novel clustering al-
gorithm based on density peaks (DPC) can find out cluster center points quickly in decision graph and the number of clusters.
However,when dealing with the data of complex distribution shape and high-dimensional image data, there are still some prob-
lems in DPC algorithm,such as difficult to determine the cluster center points and few clusters. In order to improve its robustness
in dealing with complex high-dimensional data,an improved DPC clustering algorithm (AE-MDPC) was presented, which em-
ploys an autoencoder,a kind of unsupervised learning method,to obtain the optimal feature representation from input data,and
manifold similarity of pairwise data to describe the global consistence. The autoencoder can reduce feature noises via reducing di-
mension of the high-dimensional image data, whilst manifold distance can lead to the densities of the potential cluster centers be-
come global peaks. AE-MDPC algorithm was compared with K-means, DBSCAN, DPC and DPC combined PCA on four artificial
datasets and four real face image datasets. The experimental results demonstrate that AE-MDPC outperforms the other clustering
algorithms on clustering accuracy, adjusted mutual information and adjusted rand index, meanwhile AE-MDPC provides better
clustering visualization. Overall, the proposed AE-MDPC algorithm can effectively handle complex manifold data and high-dimen-
sional image data.

Keywords Clustering, Density peaks, DPC algorithm, Features representation, Manifold distance
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Fig. 1 Intermediate and final results of clustering visualization using

DPC algorithm on Flame dataset
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Table 1 Information description of four artificial datasets and four
image databases

&R A H BB KR
Flame 240 2 2
Path-based2 312 2 3
Jain 373 2 2
R15 600 2 15
CAS-PEAL-R1 200 480X 360 40
IMM 240 640 X 480 40
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Fig. 3 Clustering results of four algorithms on R15 dataset
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Table 2 Comparison performance of four algorithms on four artificial datasets
R15 Path-base2 Jain Flame

Algorithms
ACC AMI ARI ACC AMI ARI ACC AMI ARI ACC AMI ARI
K-means 1. 000 1.000 1.000 0.433 0.005 0.005 0.789 0.336 0. 324 0.863 0. 386 0.453
DBSCAN 0.998 0.928 0.932 1.000 1.000 1.000 0.739 0.173 0.256 0.971 0.773 0.917
DPC 1.000 1.000 1.000 1.000 1.000 1.000 0.550 0.175 —0.034 0.787 0.403 0. 327
MDPC 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
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Table 3 Clustering performance comparison of three algorithms on three face datasets

BiolD CAS-PEAL-R1 IMM
Algorithm
ACC AMI ARI ACC AMI ARI ACC AMI ARI
DPC 0. 686 0.732 0.597 0.375 0.484 0. 244 0.375 0.290 0.123
PCA-DPC 0.916 0.924 0.879 0.720 0.793 0.693 0.442 0.343 0.161
AE-MDPC 0.917 0.935 0.892 0. 800 0. 836 0.758 0. 450 0.422 0.273

() DPC R A 45 5

(b)PCA-DPC 3245 5

W W W . -

() AE-MDPC %245

Kl 7 3 FpEBAE CASPEAL-RI $UHR4E by R 245 5

Fig. 7
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T(b) 23t PCA B4 5 i 4T DPC RS2 R, BB HCR
2 TR R e, 3R R 5 W2 A B 10 R IE R B 43T 1)
— AR BB WA R — A 5 BRI B A 2 ZREH 3 2k,

D http://www. jdl. ac. cn/peal/index. html
? http://www. imm. dtu, dk/~aam/aamexplorer/

® http://www. humanscan. de/support/downloads/facedb. php

Clustering results of three algorithms on CAS-PEAL-R1 database

AR MEH T REE D, B 70 &% A shs
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KRGS IR — AR 5 SRIEL R Rl T 2 6. AE-
MDPC ¥ HE 8 & 3 T 260, RERCR L T DPC
Bk,
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Ji P 0 e AR AE 67 X FARRAE e R 4 i T XA, R
24 NI R 43 TE A [ ) 28R B0 2 R Rt 2D, TG4 8 T
RN, XL 7 (b) M 7o) Al LA S 3R, A 46 1k e 5 Y
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DPC 5 4RTF T 23 %A 41, 5% B B MG L i 78 IMM | 42
FT 7.5%. AE-MDPC B %268 & 76 IMM |2 7 R KW
JER R Z B L AR AR KRS I8 A
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FRIE IR .
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Table 4 Clustering performances of different size of BiolD face

EER G 96X 72 48X 36 32X 24
ACC 0.904 0.961 0.917
AMI 0. 908 0.949 0.935
ARI 0.857 0.922 0. 892

#5 ARRSHE CAS-PEAL-RT A b # R fE
Table 5 Clustering performances of different size of CAS-PEAL-R1

face
AR 120X90 60X 45 32X 24
ACC 0.760 0.880 0. 800
AMI 0.790 0. 883 0. 836
ARI 0.662 0.834 0.758

F 6 ARERSFAY IMM AR T 955 fg

Table 6 Clustering performances of different size IMM face

B4R 320X240  64X48 32X24
ACC 0.375 0.546 0. 450
AMI 0.293 0.560 0.422
ARI 0.167 0.435 0.273

4.3 MNIST ##E&

ATHEFER T HEE MNIST b 17508, Lk —4
T3 AE-MDPC B3k X KBS 4R R K1 A &t . MNIST %
AT 10 AT H M H A48T, L4 70000 5k 28X 28 Ay &
J TR AL T S MBI — . b TR S A
CPU HL#% bR 42 17 . B AL 3% 3L T 5000 5K & - i#F 47 52 56,
AE %28 19 45 ¥ J& 784-500-500-2000-10, B & J2 15 &4 4 %1
T8 R T 4 A 10 24 32 R T 0 8% s s 1 B BT N A P B RRAE

e 7 Bra, R SCHR ) AE-MDPC {1 F DPC #l PCA-
DPC 8k, HAEX 3 M REHeIr LA MR EMERT. AT
W AE (AR PR AE 2R He PCA Y 28 ML 45 AF ik A B BE 12 4
S A B RS M RAE X FFIR B0 UE T A SCHR Y AE-MD-
PC BV R BR i R T B AWE ),

T3 ERFREAE MNIST Bl 4 L i A X 1

Table 7 Comparison three algorithms on MNIST dataset

Algorithms ACC AMI ARI

DPC 0.356 0.273 0.163
PCA-DPC 0.249 0.150 0. 040
AE-MDPC 0.725 0.713 0.621

BERIE A SCE X DPC B3k 7 Ak 5T A% 43 A 14 5080 A
o A PR B I SR M RE AN AR 1 ) R HEAT T B R T —
5 T R AL R IE R R IE 45 S TR BE B i AE-MDPC 8836 . ¥
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o R AR — B (I TE 2 O Y 2 (B S R R R R,
MIREE 2t i A 3l 2 5 45 o B de J0 R AE R 7w [R] I e
MR T IR . A SCH MY AE-MDPC 5k 42 1% B {E
B> B B T DPC Sk B9 2 K U B R e e it A
T AR SR A L FR R AR R BE L T DPC Hik .

T A ARRHE (A A (RS S SR O A TR
SRR T — 28 AR FTT AT O 80 5 T ) 2R S 45 R 0 %
EINGRIF R AE BEAT WE U0 5 73 b R IR R 6 U4 T 45 L
PE— 25 5 5 BT A R IE R BE IR RE ) o
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