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Table 1 Clustering accuracy of 7 algorithms on the UCI data set
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Algorithm Iris Wine Seeds Tonosphere Segmentation Dermatology

ppPCH 0. 887 0. 882 0. 900 0. 681 0. 684 0. 697
KNN-DPC! 0.973 0.948 0.923 0. 729 0.717 0.768
KM-DPC# 0. 960 0. 960 0.938 0. 821 0.776 0. 809
IDPCA! - - 0.938 0. 769 0. 767 0. 842
SNN-FKNN-DPC'% 0.973 0.978 0.924 0. 858 - 0.867
AD-PC-WKNN 0. 942 0.917 0.917 - - -

AKDPE 0.954 0. 893 0.922 - - -

T — RN A 1L ) B L DR R 2 7 7 % O 5 ) di O 2R S R

Note:" =" indicates that there is no corresponding data,bold data indicates the optimal clustering accuracy in the data set
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3.2 Adjusted Mutual Information (AMI)
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Table 2 AMI values of six clustering algorithms on each data set
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Algorithm Iris Wine Seeds Libras Movement ~ Waveform  Waveform (noise)
DPCH 0.767 0 0.706 0 0.717 0 0.390 0 0.318 0 0.184 0
KNN-DPCH 0.912 0 0.829 0 0.785 0 0.523 0 0.313 0 0.245 0
SNN-FKNN-DPC™" 0.912 0 0.908 0 0.767 0 0.507 0 0.382 0 0.296 0
KM-DPC!" 0.8830 0.860 0 0.777 0 0.505 0 0.386 0 0.390 0
W-DPC!! 0.9115 0.867 8 0.820 9 0.3810 - -
SNN-DPCH 0.912 0 0.874 0 0.751 0 0.583 0 0.398 0 0.326 0
— " RTR VR R IO Y B IR B 2R R AR RO B T i B R R M R
Note:" — " indicates that there is no corresponding data,bold data indicates the optimal clustering accuracy in the data set

3.3 Adjusted Rand Index (ARI)
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The number of sample pairs classified in the same cluster in U, but not in the same cluster in V
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The number of sample pairs that are not classified in the same cluster in U, but are in the same cluster in V/
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The number of sample pairs where U and V are not classified in the same cluster
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Table 4 ARI values of 6 algorithms on UCI data set

Algorithm Iris Wine Seeds WDBC

Movement tation

Libras Segmen-

ppct! 0.720  0.672 0.734 0.214 —0.011 0.550
KNN-DPC') 0.922  0.844 0.788 0.331 0.783  0.539
KM-DPC"”  0.886 0.884 0.835 0.291 0.818 0.632
SNN-DPC™%) 0,9222 0.899 2 0.789 0 0.392 7 0.8503 0.577 0

W-DPC#2! 0.8681 0.8006 0.7320 0.3232 0.8051 -

SNN-FKNN-

DPC28) 0.922  0.933 0.791 0.407 - -

AR IEALT R GIR R AR B R U s
KA Prn., &R LIET RS/ RE . A
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H1 % 5 7] LA F i1, ADPC-KNN 5774 7€ Seeds Al
Libras Movement P > 2 #& 5 1 Y F - Measure {H 38
R5 5WHEXE UCI ##E & F-Measure &

Table 5 F-Measure values of 5 algorithms on UCI data set

. . Libras .
Seeds Movement Ecoli

Algorithm Iris Wine WDBC

T = SRR IR R I BN L TR BSOS 3R R AR BUE SR P R R
i
Note:" — " indicates that there is no corresponding data,bold data in-

dicates the optimal clustering accuracy in the data set

3.4 F-Measure

F-Measure™ 8 AR 254 T 2 #E % (Precision) il
4 (Recal D FIRNITAN $8 05 , AL #AE T X0 R 45
REVEBARIIrRE T, — M0 SRS 45 4 1 1 00 B 45
& 3 fin . F-Measure B9 BUEYE FI [0, 1], BUH
7 R RO BT,

ppct 0.9233 0.7835 0.844 4 0.3717 0.5775 0.7257
EPNC‘\E@ 0.9355 0.8667 0.8276 0.3976 0.691 9 0.765 8
Qg};%s] 0.9000 0.7200 0,9200 0.5000 0.640 0 -
SNN-

ppclzo)  0.9479 0.9330 0.8589 0.450 7 0.8243 0.930 5

W-DPC!?) 0.9115 0.867 8 0.8209 0.404 0 0.659 2 0.9100

E-DPC2) 0.9050 0.6010 0.877 - - -

T = 7N WA X I Y O L R B R R AR BOE SR P i R
e R
Note:" — " indicates that there is no corresponding data,bold data in-

dicates the optimal clustering accuracy in the data set
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AR TR, BRI IZ B 3k 7 K T S BOHE 4R b i 3R I A
£E ;1M 7E Iris, Wine, Ecoli A & WDBC 4 >4 4
BB R MM SNN-DPC Bk,
3.5 BEiEFEHIE(THIE

2 6 AT LA L 3 el ik 3k 1 SF- 3432 17 1 [
¥R T DPC 54,1 B i i i ACCLAMILARI DA
F-Measure 4 4555 0] LLE ), X S8 5B 1L ) R 25 45
#h Lt DPC 53k A ek . (B2 s 17 it [ Lk DPC
RGN
#6 4FERE UCIBUIEE #3517 B 1E (ms)

Table 6 Average running time of 4 algorithms on UCI data set

(ms)
Libras A -
Algorithm  Iris  Wine Seeds WDBC Ecoli Move- ggre
gation
ment
DPCH 7.2 5.5 6.9 43.7 14.6  21.1 69.7
gggg;ﬂ 18.1 19.1 21.9 94.5 36.3 48.1 1569.7
SDII\;,Ig[—zo] 41.4 53.5 55.9 352.7 160.1 150.2 622.2

W-DPC#) 30.5 59.7 55.4 421.8 36.3  306.2 519.9

&L K284, 85 KE6WEIETLEH,
3 P JT I] b B A BT RO G B sk
B AR R T T AR WA R E L E
Xt d 0 B A B0 DA B R o R 2 2 A Bl
HER L AERR AR T R ISR N Q1 R AR B T
BB . 5 A RS Y B 4 38 O A
BE/INBEE A U6 BA O o Y 5 3k A A B AN |
B 73 AT R 1 50 1 B B I SRS AR R AR,

4 RE

ARSCEES T HujEH X DPC Bk 250 d. K&
Bt B ICAS BE [ 35 N7 1) Bl [ o BIF 5 3 % L i
17 ek 5T A, I 0 SO 330k 1 3 28 245 B 45 b it
35, RRATLLT 3 A7 i AT IR AT -

O¥ etk H ¥ 5 DPC BRBE LA ILL A,
W5 AE N DPC Hah BER . B A X+
DPC 8319 [ 3 Ry etk 77 20, F 2R H XS 800 A
T B TR R KL T AN S S, W R
INE H A N SOR AT AR D Tl 6 DPC &
0 3E NI FE I AT DL N 56 3

@DPC 53k 2 5035 B B0F 3BAs R 4 4y b - H
2800 3 R K 26 50 SR W, il = B IR Y
A

Q@42 ] DPC RARB R 55 ko |
SR PDC 3% B 98 PR BIAT B IR R (F 2 % F & 2 4K
P 46 25T 1 A BV BEAS 6 HARL, 1T B 1 X R
YRt B e gy S R I T PCA Wy ek bk, A
. DPC 7@ 4EzS MR A fp it — PR .
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Abstract: Clustering by fast search and find of density peak (DPC) is a new type of density-based clustering
algorithm. It selects the sample points with high density and far from other higher density points as the clus-
tering center,and then clustering is carried out according to the local density and distance between samples.
Although the parameters of the DPC algorithm are unique,simple and efficient, the value of the cutoff dis-
tance is set according to the empirical strategy,and the improper selection of cutoff distance will lead to er-
rors in the calculation of local density p and distance 8. On the other hand, the selection of clustering center
adopts human-computer interaction mode, which has a great subjective influence on the clustering results. Ai-
ming at these defects of DPC algorithm, there are three main improvement directions at present:improving
the selection of cutoff distance,improving the calculation method of local density and distance,and improving
the method of selecting cluster centers. Through the improvement of these three directions, the process of
DPC is adaptive. Finally,the future work is prospected and the future research direction is given: DPC algo-
rithm and intelligent algorithm are organically combined to realize algorithm adaptation,and the performance
of the algorithm to deal with high-dimensional data sets needs to be further explored.

Key words: density peak;clustering algorithm;adaptive;cutoff distance;clustering center
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