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Abstract: When the density peaks algorithm deals with datasets with different densities, the wrong center points
may be selected, and the problem of associated errors may occur in the sample allocation process. To solve the
above problems, a density peaks clustering algorithm based on the relative local density and nearest neighbor
relationship is proposed. The weights of sparse balance are introduced-into the definition of local density, and the
definition of relative local density is proposed. The density peak can be‘found according to the relative local density,
which avoids the error of selecting the density peak in the dataset with large sparse differences; and ensures the
accuracy of the center point selection. The nearest neighbor allocation strategy is proposed by combining-the nearest
neighbor criterion and threshold limit to suppress the allocation error effectively. Thesmodified allocation strategy
based on the mean value of the distance within the class is proposed to enhance ithe accuracy of the algorithm for
boundary point clustering. The proposed algorithm is compared with DPC; DPC-MND, FKNN-DPC, DBSCAN,
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OPTICS, AP, and K-means algorithms on 5 synthetic datasets and 5 UCI datasets, and the experimental results
demonstrate that the proposed algorithm has sound clustering performance in metrics of adjusted mutual
information, adjusted Rand index, and Fowlkes-Mallows index. Friedman test shows that the algorithm has the best

performance.
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% H B 5 A 4 E B 1 RN-DPC .DPC #1 DBSCAN
SRR I 2 SR B B R B AR AR AR 0 RO
M 12 7] LA, Spiral 5045 52 i 3 41 ME0iE K s 41 ik,
RN-DPC .DPC Fl DBSCAN %7 Hp 2 filt A £ 4fs 484 56
R A A B R LS F | i K-means F 75U % J&
s Z 1A BEE B, S 3O R R . MK 13
Al LUE HY, Flame 08 42 B0 0 A 808 i e 0 42, 3
52 DBSCAN Fi1 K-means -9 4 JC 1 552 80 i 70 38
J5, 1l RN-DPC Fil DPC 435 A5 i i i JE et 1L

el 9 4 RhEER Jain B 4 1t 58 45 1
Fig.9 Clustering results of Jain dataset by 4 methods
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Bl10 4 Rb3EiLRT Pathbased Bl 5 It 5 S5 45 1t
Fig.10 Clustering results of Pathbased dataset by 4 methods

Pel 11 4 Fip 230 %k Aggregation Bt 8 it 5 S gk 1
Fig.11 Clustering results of Aggregation dataset by 4 methods
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Pl12  ARNSEiLX) Spiral Bodhs 42 f 5 J 45
Fig.12 Clustering results of Spiral dataset by 4 methods

Pl 13 4 Fh 30 Flame B 45 i 58 e 85 L
Fig.13 Clustering results of Flame dataset by 4 methods
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SRJG , MBI RN-DPC 5 36 iy 40 B | of Hi 5
DPC-MND ., FKNN-DPC,DPC,DBSCAN, OPTICS.
AP . K-means 575 &1 XF 54 A B SR E AT LR OF
FIHTEA 46 bR AMILARLFT EMIITAR R 28 M AR, I3k
3R . TEF 3, Arg-F R 15 3145 B A 25 AL B Xt
o7 (14 250U, Forh RN-DPC it i 114 BE 25 3] {1 76 156 B
B, DABE 2 rht £ 3 BN A R S Sk J /N L 3
U 1 A B A A SRR A T 32 3 I 2, B KB
WA A — FCo a1 8BS A e I B A e KA . T
15 LI A5 I T A, W e S 36 45 SR 1 BB R A 7 B
G R EAR R B I . 3 3% W], £ %] Pathbased
B A 1 43 O SR W G T 3 A R R I, R A A
P iy BB 2 45 3 5 &1 XF Jain , Spiral Fil Aggregation %% i
£ ,RN-DPC 57k MR 5 $2 1 A X ) 350 28 38 AR 31
PR TSPy, IR FH A R B AR 3 A5 43 B FNE I
o3 TE R W, (T LA B R 0 ) SRS 25 2R 5 £ % Flame %X
5 %, RN-DPC 5.2 1y R 2R 2R ALK T DPC 5% Fl
FKNN-DPC 32 , A T H A5 12

e, MG fa B 56 3IE RN-DPC 430wk i 1 i ik
SEH 51 M 22 5K I 5 7k ——Friedman £ 55
FLRR A R 0 R BT L ) 25 A M Be , IR 18 M R 24
A, 22 BN N R B 2R B MR RE R AT o A3 I 45

PRAE A RO 2 19 AMIL AR FMI P 48 b1 k47 Bk
PIER R, £ 4w, #4E£ ,RN-DPC B LTE 3
RISV 48 b5 LIRS e KRR (E . PRk, RN-
DPC &3k 5 HAW B0 b B A 22 A ke

24 SPIPEM RS AR A 0 B S 1Y Friedman K 35 il
Table 4 Friedman values of 3 indexes on
synthetic datasets

RAFE AMI ARI FMI
RN-DPC 6.90 6.90 6.90
DPC-MND 6.20 6.20 6.20
FKNN-DPC 4.80 4.80 4.80
DPC 5.50 5.10 5.30
DBSCAN 5.10 5.10 5.10
OPTICS 3.50 4.10 4.10
AP 2.40 2.60 2.20
K-means 1.60 1.20 1.40

3.4 UCHE I 9 85 B o b

Sy ik — 2 B 9F RN-DPC 24 15 (i M fig % H 5
DPC-MND, FKNN-DPC ., DPC, DBSCAN OPTICS,
AP K-means 5y £ XT UC 4 4 v i 5 S 508 42 1k
T8, 3 A HIE A 45 A8 AMILARIFI FMI AL 5825
PERE, R 5 PT/R . & 53K, RN-DPC 5% 7F Iris,

A3 SRR RILILAL T LB B I PERE

Table 3 Performance of 8 clustering methods on synthetic datasets

Aggregation Flame Jain
REF

AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
RN-DPC 1.0000 1.0000 1.0000 3 09359 09667 0.9856 4 1.0000 1.000.0 @ 1.0000 2
DPC-MND 0.9955 09978 0.9983 28 09318 09666 0.9846 43 1.0000~.1.0000" . 1.000 0 5
FKNN-DPC  0.9775 0.9855 0.9886 20 1.0000 1.0000 1.0000 6 0.0562 0:12318 0.6430 10
DPC 1.0000 1.0000 1.0000 3.4 1.0000 1.0000 1.0000 2.8 0.6183 0.7146 0.8819 0.9
DBSCAN 0.9529 09779 0.9827 0.04/6 0.8234 0.9388 0.9712 0.09/8.. 0.8650 0.9758 0.9906 0.08/2
OPTICS 0.9221 09753 0.9807 0.06/10 0.6898 0.8968 0.9508 0.10/8 0.8542 0.9756 0.9905 0.08/1
AP 0.7873 0.7658 0.8150 121 0.4987 05403 0.7498 6.36 0.6582 0.7952 09212 -1.77
K-means 0.7935 0.7300 0.7884 7 0.3863 04534 0.7364 2 0.4916 0.576.7 0.820.0 2

Pathbased Spiral

AMI ARI FMI Arg- AMI ARI FMI Arg-
RN-DPC 0.9658 0.9795 0.9855 3 1.0000 1.0000 1.0000 5
DPC-MND 0.9524 0.9696 0.9797 10 1.0000 1.0000 1.0000 1
FKNN-DPC  0.8344 0.8744 .0.9165 9 1.0000 1.0000 1.0000 5
DPC 0.5212 0.4717 '0.6664 3.8 1.0000 1.0000 -1.000 0 1.8
DBSCAN 0.8710 09011 0.9340 0.08/10 1.0000 1.0000 1.0000 0.04/2
OPTICS 04364 0.6364 0.7517 0.06/4 1.0000 .. 1.0000 1.0000 0.04/1
AP 0.5199 04775 0.6577 -4.1 0.2932 = 0.1569 0.3409 -0.19
K-means 05098 04613 0.6617 3 -0.006 0 -0.006 0 0.3274 3
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Table 5 Performance of 8 clustering methods on UCI datasets
Iris Balance Scale lonoshpere

AMI ARI FMI Arg- AMI ARI FMI Arg-  AMI ARI FMI Arg-
RN-DPC 0.9405 09603 0.9398 5 01619 02641 0.5579 3 0.4880 0.5077 0.7699 3
DPC-MND  0.8786 0.9037 0.9354 22 0.1425 01985 0.5141 35 04021 05272 07977 44
FKNN-DPC 0.8831 0.9038 0.9355 22 00351 0.0236 0.5548 9 0.1314 0.1321 05841 26
DPC 0.8606 0.8857 0.9233 0.2 0.1154 01394 0.5024 11 01504 0.2357 06491 05
DBSCAN 05692 06120 07291 0.12/5 0.0902 0.1394 0.1510 0.03/1 0.5947 0.7226 0.8740 0.78/9
OPTICS 04513 06886 07868 0.15/5 0.0633 0.1062 0.1165 0.03/2 0.0970 0.3383 0.6085 0.58/1
AP 05479 05701 07099 023 0.0902 0.1420 01553 097 01367 00773 05137 1.92
K-means 07331 07163 08112 2 0.0132 0.0015 0.0440 3 0.1294 0.1776 0.6053 2

Libras Seeds
RAR

AMI ARI FMI Arg- AMI ARI FMI Arg
RN-DPC 05752 03760 05163 2 0.7008 07665  0.6965 3
DPC-MND 05646 0.3736 0.4328 16 07566 0.8011 0.8670 7
FKNN-DPC 04754 0.3184 0.3976 1 06971 07422 08276 9
DPC 05358 03193 03717 03 07299 0.7670 0.8444 0.7
DBSCAN 04183 01965 02570 0902 05302 05291 06711 0.24/16
OPTICS 0.1377 0.0828 02126 059/1 0.3802 04190 06350 0.81/5
AP 0.1487 02056 01971 431 04465 0.3936 06933 -2.07
K-means 05232 03094 0.3612 15 0.6705 0.7049 0.8026 3

Libras 1 Balance Scale £ #is % ¥ 4R BU B E 60 0 R Wl ISrERE .
FKrputy JF HAP O RS S 3, (S B m R RE 35 iRhecey

% 3 5 78 lonoshpere #i1 Seeds %44 |, RN-DPC %1%
AR AR TR IE A 10 SR 2 s RO 5 28 LR
053 BE T 7= AR EB A HHE A5 A B AR 1, R A
I Ta) BURE A Ry A BT 5 Ak B A2 2% B8 114 w40t T 1)
A B BFFE B br . UCHELIE 4 b 4T Xt 3 Fh S F
Y 46 b5 Friedman £ 5 {8 W1 9% 6 T . 3% 6 A] HI1,
RN-DPC . 75 3 Fp R VF M 5 bm L BRI (B 34
HOKAR, TR EIE RN-DPC 836 5 Hfh 5 A He B A

26 3FPPEM IR bR AE UCT B 4509 Friedman K354

Table 6 Friedman values of 3 indexes on UCI datasets

AMI ARI FMI
RN-DPC 7.40 6.92 6.80
DPC-MND 6.80 6.75 6.80
FKNN-DPC 4.20 4.42 5.60
DPC 5.80 5.33 5.40
DBSCAN 4.30 4.17 3.60
OPTICS 1.40 3.25 2.40
AP 2.90 2.33 2.00
K-means 3.20 2.83 3.40

Shy ik — 25 B UE T B BB A A RO AE 6 i dE
£ X I AL AT IH A SE 5 . DPC+LC 3RoR
DPC 5 42 H (A X Jmy 70 %85 B2 a5 1 330 , DPC+AS 3
7 DPC 5 2 HY 4 2 T 5 s il & O SR 28 80 1k | T Al o
WA RANK T s, %7 KW, 78 Jain F1 Libras £4 4
£ I, DPC+LC iy R LR MFDPC, 7t Pathbased |
Spiral . Aggregation Fll.lris ¥4 4 I, DPC+LC Ay 2
S S N DRC ik A [H), M 1k DPC+LC A R 2K PEREAL
T DPC Bk, B ik T $: 119 AH T J= 38 25 B2 1) A7 4L
2 fE Jain<Pathbased Fil Libras %t 4 % F , DPC+AS
2R KACR LT DPC, R B T B Y 4r B AR & 19 A
Rk, 7F Spiral . Aggregation Al iris 5 4 I, i TR
P E 53 BT, 7778 A 47 L A0, 7 2 DPC+AS 1Y SR 284K
BT DPCo. HiT: DPC 3 1 e Bl 45 40 Tic ik AN 77
FEAR 43 B A MBI SR s L% 5 DPC J ik E AT Rl 4 .
i 1 RN-DPC 5.3 FI K i & 1E 43 BL () DPC+LC+AS
TR AE 6 B 45 LW 25 T L, SR R
YA B A T A SRS P B 0 UE T 4R Y A3 Bl OR
W P A A5
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Table 7 Experimental results of RN-DPC ablation on 6 datasets
) Jain Pathbased Spiral
AMI ARI FMI AMI ARI FMI AMI ARI FMI
DPC 0.618 3 0.714 6 0.8819 0.5212 0.4717 0.666 4 1.0000 1.0000 1.0000
DPC+LC 0.772 3 0.773 8 0.892 6 0.5212 0.4717 0.666 4 1.0000 1.000 0 1.000 0
DPC+AS 0.663 2 0.763 2 0.8137 0.857 2 0.865 3 0.909 4 0.956 6 0.967 4 0.987 5
DPC+LC+AS 0.750 5 0.796 1 0.838 3 0.857 2 0.865 3 0.909 4 0.956 6 0.967 4 0.987 5
RN-DPC 1.0000 1.0000 1.0000 0.965 8 0.9795 0.9855 1.000 0 1.0000 1.0000
Aggregation Iris Libras
B SRS
AMI ARI FMI AMI ARI FMI AMI ARI FMI
DPC 1.000 0 1.000 0 1.0000 0.863 6 0.887 5 0.923 3 0.1154 0.1394 0.502 4
DPC+LC 1.0000 1.000 0 1.0000 0.863 6 0.887 5 0.923 3 0.1291 0.206 2 0.416 6
DPC+AS 0.959 4 0.970 8 0.977 2 0.762 6 0.804 1 0.866 2 0.1211 0.099 4 0.3245
DPC+LC+AS 0.959 4 0.970 8 0.977 2 0.762 6 0.804 1 0.866 2 0.192 3 0.1501 0.363 8
RN-DPC 1.0000 1.000 0 1.0000 0.940 5 0.960 3 0.939 8 0.1619 0.264 1 0.5579
4 ggﬂ@tﬁ nal of Electronics & Information Technology, 2021, 43(7):

ET X DPCBIEAEAE AN 2, B2 1 il & 4 T Jeg 38
5 B RN e 3 S G AR ) B W SR 2K X RE TR 2R
O BE BRI 51 AKX R %5 B2 |, ik T DPC S 1L A
Aub B R 2 S R R BB R I 0 k% o TE A Y 2R
s T BOSCR AR 0] 85 48 4 C B 25 6 e 4B i
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