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Adaptive Sparse-aware Density Peaks Clustering Algorithm

LI Xin-Ya, HE Xing-Xing, REN Rui-Bin
(School of Mathematics, Southwest Jiaotong University, Chengdu 611756, China)

Abstract: The density peaks clustering (DPC) algorithm achieves clustering by identifying cluster centers based on local
density and relative distance. However, it tends to overlook cluster centers in lqw—density regions for data with uneven
density distribution and unbalanced cluster sizes. Therefore, the number of clusters ne€ds to be set artificially. Besides, if
a data point allocation occurs to be wrong in the whole strategy, it W@ll lead to incorrect allocation of subsequent points.
To address these issues, this study proposes an adaptive-sparse-aware density peaks clustering algorithm. Firstly, fuzzy
points are introduced to minimize their impact on the subcluster merging process. Secondly, the subtractive clustering
method is used to identify the low-density regions’ center. Then, noise is identified and subcluster centers are updated
based on new local density and reverse nearest neighbor. Finally, a redefined global overlap metric combined with global
separability guides sﬁbcluster merging while automatically determining clustering results using these metrics.
Experimental results demonstrate that compared to DPC and its improved algorithms, the proposed algorithm effectively
identifies sparse clusters in both synthetic and UCI datasets while reducing chain reactions caused by non-center
assignments. Also, the proposed algorithm can automatically determine the optimal clustering number, ultimately yielding
more accurate clustering results.

Key words: cluster analysis; density peak; subtractive clustering method; reverse nearest neighbor; subcluster fusion
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4, #8400 Circle A1 Pathbased ZHE 418 R I T iR TE 45
F. A, N T RV VR T2 s T R A
PE, IR H T 8 AMRFIELEFEAE 5-30 ‘z\l‘eﬂ () UCI 432
BR % 4 SR AR 4, 3 e 0 R AR B K L W
R A, AL A ST 5 R R FE 125
AT HTBL G, R HHOHE S I 10 B 0 A TP S0k
TEACRRG IR AR 2] AT W 5 7 T A e

x 1 HREIRE
itk FEASL FRAEHL FIEREA L
Circle 299 2 61, 139,99
Fourlines 512 2 150, 117, 123, 122
Gaussian 2000 2 61,1212, 6006, 121
Happy 266 2 118,75,73
1ds2 3200 2 2000, 200, 200, 400, 400
Banana 2400 2 2000, 400
Lithuanian 2400 2 2000, 400
Pathbased 300 2 110, 97, 93

3.2 EREIERSEIK S

L3 FNIM T 7 MEIELE G B A F I R L
ZH(ARD). H—LEAZ S (NMI) FIEREHERI R (ACC),
LS R R IR. IX 3 T bR e, B Rk i
S I6E I A AR 2 RS B SR i B AR A R AR SR H )
ASADPC HiEfEA AR &£ ERIN R, 7£ Circle.
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Happy. Banana fll Lithuanian %5 % & 73 41 AN 33 (1) 504
£ 1, X 3 AR A F] 1.00. X F 23555 KNP
Ids2 Il Gaussian $(3E 4, ASADPC Rkt At T HAh &
%, 1f Fourlines ¥4l 4 I, ASADPC %% 5 McDPC.
DPC-CE HyE#Re % IE#i 2 28, 1l K-means. DPCSA
FI DPC 5ikRIMEK %, 45 BATiR, ASADPC HILTE®
FEARIIE] FRERANATAT B 4R 1 SRR RE LT

2 UCIERE
s FERBURMIER HRRREASL
Pageblocks 5357 10 4913, 329, 115
Parkinsons 195 22 147, 48
Robotnavigation 5456 4 2205,2097, 826, 328
Thyroid 215 5 150, 35, 30
Wine 178 13 71,59, 48
Wdbc 569 30 357,212
Yeast 1484 8 463,429,244, 163, 51, 44, 35, 30, 20, 5

R3O ARBUEE LI IRRMERE LR

i e izt ASADPC (ours) McDPC DPC-DBFN DPCSA DPC-CE K-means DPC
ARI 1.0000 1.0000 0.4606 1.0000 1.0000 0.0469 02141
Circle NMI 1.0000 1.0000 0.6489 10000 1.0000 = 0.1572 0.3450
ACC 1.0000 1.0000 0.7199 1.0000 1:0000 0.4549 0.5686
ARI 1.0000 1.0000 0.8311 0.6360 1.0000 0.4940 0.4192
Fourlines NMI 1.0000 1.0000 0.8756 0.8037 1.0000 0.6672 0.5864
ACC 1.0000 1.0000 0.9333 0.6600 1.0000 0.7070 0.6406
ARI 0.9817 0.9768 0.8573 0.9779 0.966 1 0.6464 0.9805
Gaussian NMI 0.9533 0.9437 0.7784 0.9460 0.9188 0.7064 0.9502
ACC 09923 0.9910 0.9430 0.9910 0.9832 0.8240 0.9920
ARI . 1.0000 1.0000 0.5221 1.0000 1.0000 0.4810 0.6017
Happy NMI & 1.0000 1.0000 0.6094 1.0000 1.0000 0.5832 0.6791
ACC 1.0000 1.0000 0.8158 1.0000 1.0000 0.7932 0.8496
ARI 0.9886 0.9877 0.9714 0.9858 0.9852 0.5274 0.9858
Ids2 NMI 0.9778 0.9765 0.9514 0.9740 0.9721 0.7432 0.9740
ACC 0.9959 0.9956 0.9860 0.9950 0.9928 0.6231 0.9950
ARI 1.0000 0.1519 0.2264 —0.0990 —0.0767 0.0833 0.1735
Banana NMI 1.0000 0.2532 0.2879 0.0555 0.1213 0.1062 0.2647
ACC 1.0000 0.6958 0.6604 0.7183 0.5034 0.6458 0.7100
ARI 1.0000 1.0000 0.0487 0.348 —0.0711 0.0003 0.0401
Lithuanian NMI 1.0000 1.0000 0.0395 0.3627 0.1257 (0.0002 0.0063
ACC 1.0000 1.0000 0.8333 0.8042 0.5018 0.5146 0.6804
ARI 1.0000 1.0000 0.7363 0.6133 04738 = 04613 0.4679
Pathbased NMI 1.0000 1.0000 0.5016 0.7307%  © 0.5656 0.5458 0.5519
ACC 1.0000 1.0000 0.7013 0.8233 - 0.7394 0.7433 0.7467

BEAN, FEIE 40 B 5 IR T —2ESEIR S L |

TR R, B A R B AR RA R K%, H
1, DPC-DBFN, DPCSA. DPC-CE il DPC SLis:H0 %
RpLH TRy !

] 4 J& % T Banana 504 b 7 Fh LI SL B 45
S H, K-means X} T 3EBRE SR A, i DPC
J HAFF (DPC-DBFN. DPCSA. DPC-CE) JGi%
PR A KL, LM T MR oG, JEE
FfRi A B R, HIELZ T, ASADPC 533 i vk
VEIERTT A BRI R R T oG, IR F s 4544
BT A IF, SEIL T IR R R R A . AR 5 (1) 1ds2 $df
£ I, ASADPC B LM BERERE R 3 W A1, AR,
NMI 1 ACC 43 1L 5] 98.86% 97.78%- 99.59%, 3
£t T HA X . K-means 2722 Tt 5] RN 7E 2R

AN S 2 T AN, T A 9 ) S A i 0 43
B B2 5 A, AR SRR IE i TR SR A S
Mt e UVl X s e, A R T T S R, i —
IAIE T A .
33 UCI HiR&ESlm o4

ARATRA 7K E UCT 150 820k 56 10F 509 ) v
RE, IX LR AL TE B BB . R AE ORI AR N B
A 25, T ATHEEVEPERE. % 4 JB7R T ASADPC
SRS 2 Mont BBV IR SRR I RN BE. 45 R R, AL
R 2R EIHUS TR R R A

HAKTWI 5, 1E Parkinsons. Thyroid. Wine 1 Yeast
Bl b, ARV ARL. NMI AT ACC X 3 T br
R EN T HAREE. #HECT DPC, 7£ Parkinsons #{
PE4E |, ARI. NMI fll ACC 0 HI4RTF T 1.32%. 1.61%

Software TechniquesAlgorithm X fFHi A 572 201

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20254F #5344 21

1 1.95%; {F Thyroid £ 4 &, & 7+ & o 2 =

36.94%. 19.82% 1 27.91%; Wine $#54E F, 3 WifEhr
5 DPC $2FF 7 24.25%. 18.22% F1 8.99%; £ Yeast
PR b, JETHIRE N 16.88%- 15.39% F1 10.11%. B4k,

1t Pageblocks Fl Wdbe F#i4E I, A SCHVEM KUk
fi% ACC # =; 1F Pageblocks fll Robotnavigation
HmaE b, U 18 S50 ARI B4 Robotnavigation %
b, A EASE NMI &AL

1.0 F 1.0 F 1.0 F " 1.0 F
08 | 08 | 08 | 08 |
= 06 06 | 06 | s 06
04 | 04 | 04 | 04 |
02 | 02 | 02 | . 02 | .
0k 8-, 0k F ok 8, ., . O
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 08 1.0 0\0.‘1 04 06 08 1.0
X X X > ¥ x
(a) ASADPC (b) McDPC (c) DPC-DBFN (d) DPCSA
} X W
10 F 1.0 F % B1.0%F
08 | 08 | 08 |
s 06 | | o~ 06t s 06 | N
04 | 0.4 04 |
02 o 02 | 02 | -
P -0 b8, ., 0k 8 0,
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 08 1.0
Nt Y x X e
s (e) DPC-CE (f) K-means (g) DPC
4 Banana $EE R R
1.0 F e L0 F . - L0 F i, - i, O
08 | : 08 | . 08 | f 08 | .
=~ 0.6 06 | 06 | + S 06 A
04 | 04 | 04 | + 04 | +
02 | 02 | 02 | + 02 | +
0k v o 0k, ST 0k o o SRR
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 08 1.0 0\0.2‘; 04 06 08 1.0
X X X 3 g * X
(a) ASADPC (b) McDPC (c) DPC-DBFN | (d) DPCSA
) L S
| 2
S EE——— Lo f B
08 | : 08 | P 08 | :
>~ 0.6 + >~ 0.6 i >~ 0.6 +
04 i 04t 04 i
02 | & 02 | 02 | +
Ob . 0k v o 0k o o
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 08 1.0
" * T x X X
b (e) DPC-CE (f) K-means (g) DPC

K s

Lk ETIR, AR SCHEAEAE 2 B S dm A B3 R
H T RIFHIRISHERE, 100E T A e s i .
3.4 SHERMESH

AATE$E H 1) ASADPC Fik AT T S 5k
M. B ey o ki Mlky, Forbr R, 255 1 Y ER
AR R R ROE R TTIE AR, Ky 2 TR R
I AT B, 1 ko A2 26 2 BYBUR A i HAE R 2

202 AR H % Software TechniquesAlgorithm

Ids2 Hoddk b i JERE5 RILEKL

FERE LA %R, T ASADPC WM T ik R 2505 1%
FHTHERILE O, PLAFET KNN (K-nearest neighbor)
BAT R A, IS ry v o~ ko ko 20 SAESE ] 0.2-1.04
1.0-2.0. 2-20. 1-10 AR FEHERHAT 4. B 64
7 5y R T AEBESE 1ds2. Yeasts | 4 NS
BT ASADPC BEPEREM 2. LA 1ds2 #dE 5 A
B, ra rp P HILE 0.6-0.8 1.4-1.5 JEE P, HikPERE R
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i H AR SN A

B, SNSRI K« A T R 4 2
(BB o, 5 R BN SR . 4 FAE AR Sk Flk,

Sy BIEUEAE 820+ 6-10 P, kML AR & HLEREEAT.
LG W), ASADPC 55 BA — 2 fREE.

R4 UCH Hln e TR BE LR AR

pAE/TES Ly ASADPC (ours) McDPC DPC-DBFN DPCSA DPC-CE K-means DPC
ARI 0.4390 0.0000 0.2050 0.0156 0.0197 0.0175 0.2088

Pageblocks NMI 0.2857 0.0000 0.3832 0.0158 0.0211 0.0204 0.1315
ACC 0.9382 09171 0.9246 0.9179 0.8471 0.8591 0.8331

ARI 0.3542 -0.0255 0.0000 0.2686 0.0058 —0.0001 0.3410

Parkinsons NMI 0.2175 0.0025 0.0000 0.1772 0.0005 0.00001 0.2014
ACC 0.8308 0.6462 0.7538 0.8205 0.6021 0.7231 0.8113

ARI 0.0860 0.0753 0.0283 0.0663 0.0487 025 0.0578

Robotnavigation NMI 0.1981 0.1736 0.1335 0.0938 0.1573 1631 0.1855
ACC 0.4710 0.4850 0.4241 04291 . 104819 & 04078 0.4256

ARI 0.5284 0.2638 0.1617 00752 _0.1114 0.5091 0.159

Thyroid NMI 0.5203 0.3007 0.243 100035 0.1376 0.4952 0.3221
ACC 0.8512 0.5767 0.703 2\. 0.7209 0.5794 0.8405 0.5721

ARI 0.9149 0.5432 0.8318 0.7414 0.2536 03711 0.6724

Wine NMI 0.8926 0.6812 0.7953 0.7483 0.3939 0.4288 0.7104
ACC 0.9719 _0.7851 0.9438 0.9101 0.6105 0.7022 0.8820
ARL 0.5519 0.6734 0.000 03771 0.0024 0.4914 —0.0028

Wdbc NMI % 0.5107 0.5156 0.0000 0.3361 0.0052 0.4648 0.0048
AEC 0.8717 0.8021 0.7537 0.8137 0.5326 0.8541 0.6239

" ARI 0.2341 0.0017 0.1143 0.0105 0.0118 0.1577 0.0210

Yeast NMI 0.2928 0.0589 0.1805 0.0657 0.0713 0.2801 0.1308
ACC 0.4636 0.3609 0.3477 03174 0.2574 0.4111 0.3073

~J0000\O\OD
NONONONDO
T T T T T T

Hifl (%)

60 [{ 1 I 1 1
12 14 15 1.6 1.8 2.0
Ty

(b) ¥,

HfE (%)
OO
GO00000ONONONDND
Stonaoiong
SHSHhSHhSh

¢

5 8 10 15 20
ky L ]
OF i

.

6 1ds2 Himte LSS

45 F -

o o [B— -~ ACC
s < ‘3“5) [ - NMI
a @ 30 | = ARI
& K 25 pr -
20— .
5 8 10 15 18 20 1 2 4 6 8 10

ky ky
(c) B4k, (d) ¥k,

K7 Yeast £tk LHIZ AL

s O S
SO0 e ;E
& 5 | 2 o
=0 | ;g,g
04 05 0.6 0.7 0.8 0.9 12 13 14 15 1.6 1.7
7, "y
(a) Z 4, (b) =%,
:I:\ Ay
4 énl@%%%

BEXt DPC Sk A A B 5 2 AN IS 5 S AT 17 4
38 1) JR3 PRk B e i i ME AL, AR SCHR M T — b B 3 B
i 7 SR R S W A SR SR B i SR T R IR T
TRAIE Ly, RE SCRE LI 5IN I e 48 2 1, 2
SEH LI TR S, R TR EZ S

BERb & 7%, HEhHE S AR, HF iR 5] o fo ik
B f SRS T SRR IR IER B, fE A S
UCK #iff 46 125 e B H Bl SRR P RE.

(B SVEAEAE ATt — 20 Stk 3 7. Bl AR B ik
AN ESE AT HS R R AL, (BIF R IESE IS
HOREK, WAL TR R IT W ry s rp HIRBGEAT i,
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> ZH RN T3 4b, W] SR v A R o K 2R 1)
A2 X B A4 JE BT FURIAE R P A R 4 A

EI:EHX}IQ

bt PG Kt 5 ZEF TR 2R o £ PRI S

KR,

ARNERITE LT, BARSEIER TR B R, E TR
SARTEAR a5 T S sz A

1
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2 Zhang XF, Sun YJ, Liu H, et al. Improved clustering
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