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Adaptive Spectral Clustering Algorithm Based on Relative Proximity
YUAN Zefei,ZHANG Zhengjun and JIANG Guolin

School of Mathematics and Statistics, Nanjing University of Science and Technology,Nanjing 210094, China
Abstract The traditional spectral clustering algorithm with Gaussian kernel function as the similarity measure has the problem
that the scale parameter needs to be artificially set,and the similarity is not related to the sample distribution structure. In order
to solve this problem, the shared neighbors based on the natural k-nearest neighbors are defined,and a multi-scale parameter re-
flecting the regional density is constructed based on the nearest neighbors information of the data points,and the similarity mea-
sure is redefined with the new scale parameter. This paper proposes an adaptive spectral clustering algorithm based on relative
proximity(RPASC). The improved scale parameter combines the characteristics of interval scale,sequence scale and proportional
scale,embodying the relative position relationship between data points and reflecting the distribution characteristics and spatial
structure of different density clusters,which improves the adaptability of the algorithm to different distribution datasets. The new
similarity measure adaptively reduces the similarity of data points on cluster boundaries of different densities by flexibly adjusting
the size of local scale parameter, making cluster boundaries more explicit, which is conducive to discovering the true cluster mor-
phologies. Experiments on synthetic datasets and UCI real datasets verify the effectiveness of the RPASC algorithm on multiple
clustering performance indicators.

Keywords Spectral clustering, Multi-scale parameter,Shared neighbors, Natural k-nearest neighbors,Similarity measure
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Table 1

Characteristics overview of spectral clustering algorithms
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Table 2 Basic information of synthetic datasets

HEE AR K 4 4 # A%
Ring 500 2 2
Ring-unbalanced 500 2 3
Moon 373 2 2
Leaves 200 2 4
Spiral 312 2 3
Spiral-unbalanced 567 2 2
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Correct clustering results of synthetic datasets
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Clustering results of various algorithms on different synthetic datasets
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Table 3 Comparison of evaluation indexes of different spectral clustering algorithms on synthetic datasets

H A& % ARI AMI FMI HiE & ik ARI AMI FMI
K-means —0.0018 —0.0013 0.498 1 K-means 0.6481 0.7154 0.7350
SC —0.0019 —0.0014 0.4980 SC 0.6491 0.8075 0.7618
SNN-SC 0.9919 0.9811 0.9959 SNN-SC 0.6880 0.7603 0.7648
Ring DS-SC 0.0001 0.0079 0.7021 Leaves DS-SC 0.7049 0.8272 0.8033
DSCN-SC 0.9919 0.9811 0.9959 DSCN-SC 0.0024 0.0349 0.4807
CV-SC —0.0019 —0.0014 0.4980 CV-SC 0.7511 0.8112 0.8144
DANSN-SC —0.0018 —0.0013 0.4981 DANSN-SC 0.7082 0.7607 0.7816
RPASC 1.0000 1.0000 1.0000 RPASC 0.8474 0.8645 0.8851
K-means 0.0337 0.1644 0.4611 K-means —0.0059 —0.0055 0.3277
SC 0.0217 0.1435 0.4562 SC 1.0000 1.0000 1.0000
SNN-SC 0.4438 0.6423 0.6926 SNN-SC 0.0526 0.2168 0.5221
Ring- DS-SC 0.4034 0.5504 0.8079 Spiral DS-SC 1.0000 1.0000 1.0000
unbalanced  DSCN-SC 0.9975 0.9868 0.9988 DSCN-SC 0.0151 0.1523 0.5234
CV-SC 0.0218 0.1672 0.4589 CV-SC 1.0000 1.0000 1.0000
DANSN-SC 0.4433 0.6422 0.6922 DANSN-SC 0.0016 0.0015 0.3326
RPASC 1.0000 1.0000 1.0000 RPASC 1.0000 1.0000 1.0000
K-means 0.3241 0.3676 0.7005 K-means 0.0080 0.0078 0.6033
SC 1.0000 1.0000 1.0000 SC 0.0537 0.0342 0.6292
SNN-SC 0.2562 0.8037 0.8037 SNN-SC 0.0813 0.0817 0.6739
Moon DS-SC 1.0000 1.0000 1.0000 Spiral- DS-SC 0.4903 0. 4060 0.8949
DSCN-SC 0.0098 0.0070 0.7839 unbalanced DSCN-SC 0.0139 0.0101 0.8496
CV-SC 1.0000 1.0000 1.0000 CV-SC 0.0658 0.0343 0.6403
DANSN-SC 1.0000 1.0000 1.0000 DANSN-SC 0.0671 0.0440 0.6360
RPASC 1.0000 1.0000 1.0000 RPASC 1.0000 1.0000 1.0000
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Table 4 Basic information of real datasets

Iris 150 4 3
Control 600 60 6
Thyroid 215 5 3
Breast 569 30 2
Optdigits 1923 64 10

Musk 2598 166 2

Rice 3810 7 2

Pendigits 4992 16 10
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Table 5 Comparison of evaluation indexes of different spectral clustering algorithms on real datasets
BEE £ ARI AMI FMI $HE & XS ARI AMI FMI
K-means 0.7163 0.7386 0.8112 K-means 0.5830 0.7510 0.6803
SC 0.6230 0.6541 0.7502 SC 0.5563 0.7180 0.6577
SNN-SC 0.7322 0.7880 0.8237 SNN-SC 0.5050 0.6656 0.6135
X DS-SC 0.5637 0.7125 0.7635 DS-SC 0.5669 0.7268 0.6672
Iris e Control o
DSCN-SC 0.0001 0.0001 0.5696 DSCN-SC 0.6230 0.7830 0.7026
CV-SC 0.5910 0.6247 0.7275 CV-SC 0.5653 0.7004 0.6452
DANSN-SC 0.7591 0.8032 0.8407 DANSN-SC 0.6130 0.7923 0.7079
RPASC 0.8856 0.8605 0.9232 RPASC 0.6169 0.8028 0.7115
HK-means 0.6282 0.5908 0.8545 K-means 0.7301 0.6225 0.8769
SC 0.3781 0.3667 0.7872 SC 0.4971 0.4511 0.7914
SNN-SC 0.1352 0.1397 0.7440 SNN-SC 0.0122 0.0217 0.7267
R DS-SC 0.1209 0.0953 0.7422 DS-SC 0.0048 0.0067 0.7281
Thyroid Breast _
DSCN-SC 0.0156 0.0127 0.7300 DSCN-SC 0.0024 0.0017 0.7286
CV-SC 0.8418 0.7828 0.9309 CV-SC 0.6891 0.5656 0.8547
DANSN-SC 0.7323 0.6756 0.8892 DANSN-SC 0.7921 0.7018 0.9052
RPASC 0.9063 0.8497 0.9572 RPASC 0.7922 0.6942 0.9048
K-means 0.6161 0.7388 0.6594 K-means —0.0362 0.0287 0.6236
SC 0.4139 0.6947 0.5273 SC 0.0006 0.0004 0.8628
SNN-SC 0.5375 0.7344 0.6062 SNN-SC —0.0006 —0.0004 0.8628
L DS-SC 0.4112 0.6959 0.5257 DS-SC —0.0006 —0.0004 0.8628
Optdigits e Musk o
DSCN-SC 0.7593 0.8122 0.7844 DSCN-SC —0.0394 0.0258 0.6271
CV-SC 0.6851 0.7430 0.7174 CV-SC —0.0006 —0.0004 0.8628
DANSN-SC 0.8404 0.8913 0.8571 DANSN-SC —0.0609 0.0261 0.8103
RPASC 0.9092 0.9164 0.9183 RPASC 0.0000 0. 0000 0.8633
K-means 0.6885 0.5755 0.8481 K-means 0.6024 0.6977 0.6440
SC 0.6780 0.5669 0.8436 SC 0.4846 0.6822 0.5567
SNN-SC 0.6831 0.5818 0.8475 SNN-SC 0.2958 0.5883 0.4448
. DS-SC —0.0001 —0.0001 0.7141 . DS-SC 0.0003 0.0170 0.3100
Rice o Pendigits
DSCN-SC 0.6876 0.5754 0.8479 DSCN-SC 0.0003 0. 0006 0.3163
CV-SC 0. 6850 0.5715 0.8462 CV-SC 0.5275 0.6495 0.5761
DANSN-SC 0.6893 0.5792 0.8492 DANSN-SC 0.5712 0.7889 0.6468
RPASC 0.6936 0.5838 0.8513 RPASC 0.6059 0.7647 0.6565
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Fig. 7 AMI for various algorithms with different % values

TE 45 A B SE 0 RAR B R Z5 /AR —BUMRT4E T, A% £
TS0 B8 0% AR 4G B0 AR PN T O A B A 43 A I D0 UM X A i
B9 kA6, INE 7 WTLUE B FEL3, 21 ] A T & 9 B
{8 ,RPASC B ¥ 78 Iris 1 Thyroid $H 4 - A ik 2 L 84 10
AMI FEAREE 5 #04E 0.8 L . A& 5 Rl 1, RPASC 5 i
it E AR kRSB RAGH] b A, 7E Tris #l Thyroid LAY AMI #§
FR&E R4y 0. 8605 F1 0. 8497, Al WL [ 4K & 4844 & 7 ik
BN kA A0S 54T S B 55 56 B4R 46 .

F8R kDA R T LA B IR 1 R A, — O UL BT 1R £

A RN B o A 3 R, & A /N S 00 &1 1Y 3% T8 Pk
AR AP EE SOR R . & C B 4R 4 A B 3 20 W IR (B T
FEE T (FI AR e =6) 5 4 B MBS SR AFAE 28 5 A P 4, B AF
TEME R SR H A1 B0, 0T 46 1 8 AT 35 AR (AR =
10D 5 5 E0 0 BSCHE 41 B 558 e o 3 B P 8 32t 1) W SR T L RTRE
T KA £ RIS AR E AL 3R 50 a) RLIE £ 51 K
B0 46 (0 A B £2==20) R 70 35640 48 2k B
4.4 RPASCHEHEEZEENH

6 T /B EAE Control il Musk WP 5IE 4 L ig



88

THEPLEZE Vol. 52,No. 10,0ct. 2025

Com puter Science

109 A A () 45 8

ARIBUE B AR 2 157 KD
, Time F /R~ i8

A U6 (LA /)

L FE AR Fe RAE B MM 7R . Usage £/R
. Peak 278 3 LB B N A7 B 1) 43
ZATRTE . ANFE 6 AT LUFE

AR

i JUAP % ,RPASC %4 15 55 DSCN-SC 45 8 15 i 4 5 JH #1 43

L 7 v 7 B4 PN AR B TR EL R Y L 18
F 6 KITRTERARLE LA A RS

YR NI R0 S

XEgingl]

Table 6 Memory usage and running time of each algorithm on

datasets
A% g% Usage/MB Peak/MB Time/s
K-means 0.0170 0.6454 0.0887
SC 0.0194 12.2447 8.6967
SNN-SC 0.0188 12.2446 157.3546
Control DS-SC 0.0188 12.2446 11.7255
DSCN-SC 0.0402 12.2446 272.0277
CV-SC 0.0210 12.2446 7.5938
DANSN-SC 0.0156 12.2446 27.6964
RPASC 0.0228 15.5938 374.7781
K-means 0.0233 6.9714 0.0947
SC 0.0240 229.4912 8349.3285
SNN-SC 0.0244 229.4911 30058.5801
Musk DS-SC 0.0219 229.4911 3755.2656
DSCN-SC 0.0267 229.4911 42585.6814
CV-SC 0.0238 229.4911 2939.2590
DANSN-SC 0.0216 229.4911 583.5231
RPASC 0.0319 289.7354 38722.7780
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Fig. 8 Clustering time of each algorithm on a different number

of samples
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