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Abstract  Spectral clustering, as a classic clustering method based on graph theory, uses the
similarity matrix to decompose the data or project the data into a low-dimensional space to achieve
better data partition. In spectral clustering, the similarity matrix of data needs to be constructed
first, and the similarity between data points is usually calculated by the Gaussian kernel function
or k-nearest neighbors method. Then, the similarity matrix is transformed into a Laplacian
matrix, and the eigendecomposition of the Laplacian matrix is carried out, and the eigenvectors
are obtained and clustered by the A-means algorithm method. Finally, according to the clustering
results, the data points belong to the cluster. Spectral clustering is of great significance in the
field of data mining and pattern recognition. It is not only suitable for clustering problems, but
also can be applied to graph segmentation, dimensionality reduction, feature selection and other
fields, so it has a wide range of application values. However, the computational complexity of
spectral clustering is high and may be limited when dealing with large-scale data sets. In addition,
spectral clustering is sensitive to noise, because noisy data points may affect the construction of

the similarity matrix and the calculation of the eigenvectors, resulting in instability and a decrease
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in the accuracy of the clustering results. Especially in the case of no noise preprocessing or
denoising, spectral clustering may incorrectly divide noisy data points into a certain cluster,
affecting the final clustering results. Therefore, when dealing with data containing noise, it is
necessary to properly clean or denoise the data before using spectral clustering to improve the
effect. To address these problems, this paper proposes a robust spectral clustering algorithm
based on density distribution. Firstly, the noise points between subclusters have lower local
density; therefore, this paper sets the noise coefficient to filter a small number of low-density
noise points from the perspective of different density levels. Secondly, according to the characteristics
of density peaks clustering, that is, dividing the data as much as possible can ensure the consistency
of the data label within the subcluster, the newly proposed algorithm can achieve a balance
between a smaller number of subclusters and a higher consistency of the label within the cluster,
and achieve a better division of the data. Finally, based on the density distribution information
between all clusters, including the density mean and density standard deviation, a new similarity
measure is proposed to improve the clustering effect of spectral clustering on data sets with
uneven density. In the proposed algorithm, the parameter in spectral clustering, the non-negative
Gaussian kernel bandwidth, is replaced by the more easily adjusted k-nearest neighbors, which
can select the optimal parameters of the algorithm in a more limited range. Experiments on
synthetic data and real data fully demonstrate the effectiveness of the new algorithm in nine state-
of-the-art improved algorithms. Under the premise of ensuring the clustering efficiency. the average

values of accuracy, the adjusted rand index and the adjusted mutual information are increased by
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10.02%, 22.11% and 15.76% at least, respectively.
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T 55 g I Iy ity 4 e o % R IR EL7E TR 2808 HO2 o
PRIME Y B T o, 520 4. 4 RSBttt T2
BB LS p MBONEA 1L E S () BT
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3.2 FExy

I B3 AU 25 B A5 s A AR AROME TR B BT A AR
A AR AUE LT

EBX 1. MERM RSV KRR N
Rep()=0. W j € knn(i) Ni€ knn(j) H p, > p;»
| Rep(i):argmrind(i,j).

MR 20 (3D H i Jy B 4% e T R AR A
BEASREAS AT B J) 2y 2 AU R SO R TR R
Rep (i) =0, W iZ s #3% Jy vhol s BUE 0BT Y 7
f%. DCDP-ASCH [a] # 45 AR 2 5 1 5 X (AR R
R AAE 1) R TSR TR FLE « 787 1Y k 4R
LB J € knn (D). E 1 WA A 2 b 72 TR

T EAEZ S MKNN JE B N LB € knn(i) A
1€ knn(j). 833X — 454 . RSCDD RE % 57 47 1 b H
fETEREZ MM F7E. B 6 B T &M i€ hknn(j)
M)A RO, G0 2R 8 1 AEAE (€ knn () AR A
FHAR 26 A 2 (B 2 B & Gl 4B 56 &R (MKNND, &2
Z A FEAFNHACR SUZ MAAAAE & 248 C &R (KNND.
P . 4351 L MKNN A1 KNN SR E 1 e
kan(G) WA JG. ACC,ARI F1 AMI -l %K 3T # 45
G =2 IR TR

MAIEL 6 F ) Ll B4 SR AT A AR A AR - 8] A7 AE
2= R4 B R MKNN Z 411 RSCDD 5%
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(1) AFLALL P e B 3 8 (D %) %8 R R G T Sl A
XHE. B 7 /R T Pathbased %48 b A [F] %5 FE + 7%
I 43, o O1 7 F AR % B 7 7% /) 1 38 4 i O2
NF A% B T HE R B A8 20 (2) b, 2 H A s B
—RERYIE O 5 ) 38 42 1) 8 B R R, DU 7 A -
V) P B e 3 LA P R vy PRI, O2 IXAH 41 1)
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EX 2 MELRH KCERNFHECHYTE

AT CR MR S e kTR I 7%
CA C, IS R BN

CE,
perc; =sign; Xsign; X \C| i (5)

| +1C |
X CE,;, CE, fCE, W38 4E. sign,; =sign(|CE,
CiD),signC) NFFSREL Y >0 B, sign(a)=1;

M =0 B} ,sign(x)=0.
EX 3. e AR T CHC, Z A
SRS, A ] B AT

cony; =mean({d(p.q)}) (6)
/ﬁ\:qj »p€ CE, ﬂcj ,q€ CE; NncC..
EX 4. %A
min((E("ﬁ(,‘ ’16(‘5 )
pavg;; = — = (7

max(pc, pe, pr,)
KD s P s pos, FORIEAT S AT AL E 1O 9 1

EX S, HEREZ A RE.
min(oc, s oc, s Oc,, )
stdy; = : ’ (8

max(ac, sac, +0ck,, ) +(7(~U
R0 w00 soer, o0, FARIA S AT B
WHEZE . C 2 oL C 4.
i Ja s TR A R
newd,; = perc;; X con;; X (1—pavg’ ) X (1—std; ) (9)
2 C9) 12 B B8 ot 5 0 R LT AR 48 7 A
TESCARBITE DL R BEAT L B percy; =05 75 W 5% [A] A
AFAE B4 % 1 B, l il 2k Floyd 55k e AH 4B %
(1) P9 B 2 i) 45 81 AR vy =X CO) 45 ) Y 7~ 5 1) ) )
HOBE B R newgd; o i 3 g W 4 ek BT TSR R W)
R A RLE SIM, B2 X =X (10) B,

newgd;; \*
SIA4U::exp<——<AATfLA>) ) (10)
o =mean({newd,; | perc; >0}) (1)
3.4 HEERESHW
AN 45t RSCDD Bk R i » an 5k 1 s,
ik 1. RSCDD 4.
I BURESE XER " HEEH nclust, L ABEL b, WS
S g

Bk BARLEIRS, ), i=1,2,
1. B %dE X 347 Min-Max 5 — 1k, % F 26 o 4E451E ,

x.,=(x.,—min(x.,))/(max(zx.,) —min(x.,));

ynclust
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Do

. J85E kd-tree I (3)  THRREAH 1 SR % JE 5

I RE e AN O T BE o, M BRAR S E SR
{ilp,<<p,»i=1,2,,n};

A TR A 1 v B AT kd-tree A (3D AT

BEREAS 1Y R FR % BE

i X1 I EREAR AR A Rep (D LUE 75 5

M5 0D 5 BT A 7% 18] A AR BL 1 STM

V5 R B0 S B 1R A i 3R 2 1 0 A AR A5 T 104 A &

label(C;)

8. HAMFIFEMRETMITA s RERA N —F

LB 2, €Cry 2, €C; TR Label(C)) = label(C;) ,
W label(x,) = label(x,) ;

9. RETURN EZ45 (S, }.

EFED 1 H B TSR EHILLL k-means 143
Wt A i 1 SR A SR 2R 45 L, R Ut 2 IR 1 SR R 45 R W]
REAN— B X I, 7 55 50 i 3 [ E B A DL IR
HoAh 2 E AR A k- means B IR 118 17 25 R HBAH .

R LR BRI ~3 BRI, 7T
BE VA — 10 T MW I ARG 2% B8 1% e P . HG I () & R
EEH kd-tree B BIL R RTE - Onlog(n)).
PR 4 S5 YR 2 BT i AR A R (H AR TE L BR
MR SR FEAS B PRAT Y . PR O ] A A R e G T
O(nlog(n)). oy T H4 H i e A5 £ BT o7 L B A/)N
R AR 4 B 8B 2B RN O(nlog(n)). 3
BR 5~6 FHT i3 R 1) i AR Pk B A 1 i) 7
Bl nse (<) PR BE 6 AU E] 5 22 O(nsc®) +
Onsc®) . B 5 BT A BRI B 22N Onk).
AR T M8 1 FE B A AR AE TR 2R a1 i
B8] & 24k O(nsc®).

Pt B3k 1 i a) 52 2% B2 2 O(2nlog (n)) +
O(nsc®) +0C(nsc®) +0(nk) +O0(nsc® ) ~O(2nlog(n))
nsc,k<<n. It RSCDD ) i [a] 52 7% BE 3K, AR IE T
DCDP-ASC

w

~N o Ul

BB TTROR.

RSCDD friz B it fE rp, EZ W= [ IEFEE T
AEAi ke T AR R H 04 AH U 26 . Xt RSCDD ()
A EIRE R Onk) +0(nsc?).

4 KW

FEA T SR A BB A L S X RSCDD
S A B AT BRI A SRR B O e
5 X R A7 ol Ak, B SR 4R i &S
It = A E H R EEM R Ar T & 5 e
A3 2 HE R R ACC (Accuracy) ™ | i # 2= fi 2 %
ARI(Adjusted Rand Index)™ 183 T {% &5 AMI
(Adjusted Mutual Information)™. % 7 ACC 3k
U+ 21 Ab 35 A Sl B B 5 T 2 2 ] A A AR R
SR /D BV 3 2 /0 B 2K A 1R b R 43 i ACC 1Y
] fE AN . ACC B BUETE BB oM [0, 1], fH ik
KFRERLE R AE. ART FIAMI % 158 ¥R #h ACC
TEAPHEE A 2. M Z L ARI FIAMI 2% &
T RS A L L 2 B A DT RE G R L AT LA 4T
b B RS B REOR L 52 AN RO B S e AN ART
FAMI W HBUEEE [ — 1, 1] E 8 K Fom R4S
REHEIEEY) 5.

Jir A SE 5 1 FR B ks Windows11 482 4F & 4,
MATLAB R2021b % i% ¥ 35 . 19-12900HX 4b B %%
116 GB ) RAM.
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X
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B AR AT A8 B JUARL B I N A kT AR DL AR BT 4B
THE. BRI 2 4. DCDP-ASC % & 4] 2 %% o R
T — LA B 05 X T S8 o 7E — BB AR 75 (1 G
B b B E R 05 7E MRS BUR 2 10 A B R
bR SCHR AR S8 AR BRI o T,
DCDP-ASC i F %1 i - 1 1) W B A5 A Shy 46k 32 o500k
P e 3R T o T 3l e 430 ) 3 285 R MR X B A K
W A5 A R k- means Bk AW 4G H 0. R, DCDP-
ASC iR 75 ZLH 52 B T #E 5 H nclust s 3X & — A
[ 5 fH. GBSC 1 4 A 28060 & — A~ ] 2 1) i 30
W5 B8 oo Lh S L SE W F RE AR neluse. 6 J SCHR AL
) ZHEE L7 0. 05 XA L0, 1, 1] Pk B Al i)
o KGR AL 0. 1. 2 1 44 A s 48 1, DCDP-
ASC.GBSC 1 RSCDD iy B A& S8k & . F 5 H
nelust A S0 H O [ EE A 2 s, RSCDD
PN SERR I ke

®1 AHHESLNSHIRE

B e DCDP-ASC GBSC RSCDD

D6 0. 055 0. 05 20/2

D7 0.03 0.05 20/3

E6 0.1 0.05 20/1

T4 0.18 0. 05 20/1

T7 0.18 0.05 20/1
Eyes 0.1 0. 05 20/3
Pathbased 0 0.1 7/3
Compound 0 0.1 7/3

TEE 8 eI T AN A AT B G BN 4
BATTER I BT R R T - AR AR T A
D7,D6 H4d & T 2 [ M A A {H M 7S R A R X 2R
K45 Y % i %% /. DCDP-ASC ., GBSC #il RSCDD
AR E BRI AN [F] TR AR A R L X R Y 43 T
B4 HL. DCDP-ASC il RSCDD 7E 2 #i% & b it
UEI 2 D6 IR R

TEEL 9w, = A HA B 0 7S Y 6 BURRCHE 4R B
DM RSCDD By A Ztk. B 9 i b4 4 )
% DCDP-ASC Fl RSCDD 7 kb P 1 75 %5 42 45 1)
AT WA e, GBSC A Sy 32 31 M 75 114 5% W) T T
PR = AR T TR A E6 1. GBSC 4%
BB TR IR A — A R B AR
T BB N Y F 7 R 4y 7 — . 7 T4 R T7
b GBSC X B4 5 14 R 43 #4776 4 22. DCDP-ASC
¥ E6.T4 F1 T7 i L6 REKR K& 0.1,0. 18
1 0. 18. RSCDD 7535 5 M 75 if , = A %48 4 | il g
PR . #R R 1R 2(D REE Bl RSCDD 4 5%
U B A 46 Hh g e 75 L 3558 T RSCDD 1 8- #5 E.

B JE B 10 =A% B A A AN A

BUECHE #E— 5 B 9F T RSCDD #f % T DCDP-ASC
1 GBSC it KA 1 fL 8. 78 Eyes, Pathbased #il
Compound $## I+, DCDP-ASC H1 GBSC A Ji&
2 L& B[] 5% B2 7K 2 1) 08 AR T 5 BOA R 1Y
RFLER. RSCDD TE 3 5 5% 8] (4 AR AL B, B8 33
TN 5% BEKOF T R TR 1) 8 B 43 A1 e v ol %5
W) (B 5 B A 1 25 oK i i B9 D #%. RSCDD 1)+
AL ERE 8 (i 35 R T 2 W % (S B i —
Ao B THI IR 2% B AN T A Bl A b R R AR
1t Compound |, DCDP-ASC #g 1k 5K E 24 1Y
AT i 5% P U (L A T G AL 1 SR S 0 I A R A T
As bRl . B, DCDP-ASC #£ Compound | 4= i
(1) e & T8 B /0 F GBSC # RSCDD. 7 1 % &
ZAEAE BT F BB 16 o0 & DCDP-ASC ) — A4~
AR ZAb T BRI — 20
4.2 HEIHEFELWLIER

B G BB A1 » — 2 TS 1Y B Bl ke 36 E
B S BT RN B 2 FiR.

®2 HEXBIEHE

pEIE S fog 1953 20
iris 150 4 3
wpbc 198 33 2
sonar 208 60 2
balance 625 4 3
Segmentation 2310 19 7
abalone 4177 8 3
USPS 11000 256 10
drybean 13611 16 7
Gamma 19020 10 2
MNIST 70000 784 10

I B SR AE 4 . RSCDD i 5 DPC 2, MDPCH4,
i 82 2% (Spectral Clustering, SC)P* , USPECH |
USENC®  DenSCH*! #£47 He 4% . DCDP- ASC #1 GBSC
5 AE Ry BEAE . DPC 22 A i B B B d. s
L X B B P i T R AR HES G L d i R
A 120 ~2 0 & bt N S R fE. b T 97 & DPC
TE S 28 Bt b iy & . DPC it B Y0 [ 3 n =
[0.1%,5% ], 2Kk 0.1%. MDPC+ R F i DPC
TEZ (A ERAN 2 38w i 17 AR A 1) X%
FERE M EATHE A S PR — . MDPC+ 24t 13k
NI ISR k= round (Vn ). A8 SCHR AP HLE L T X
5,30 MR L 45 2R . 5 MDPCH+ 1 BRINE T 1Y
S RAT B R AR k. SC 75 247 %8 o B €
FEAS [] 19 AH BL PR, A< SCoR AT MATLAB & (1)
SC. ¥k BiAME. USPEC.USENC H1 DenSC # J2:
2. 1795 B T S R A R R BB



2656 it "

Bl

e 2024 4E

AL
=B

FEHTRI SC Wiz fTRCR (AR KR Lh
fii 7. USENC J& £ 4~ USPEC 14 j%. USPEC 7
TR A2 i 05 B p RIVER RS AR B & 5 IF 7E USENC
HOBE I T AR AT . SCER 18X X S S5 AT T
TR AT, e p Al X (8] 74 522 0 B S8 05 T &
7 Fe )i USPEC F1 USENC 1 %50 5 FlHS i, A 3¢
UK S H e FE 47 P8 B DL A2 f I 3R 2R 45 . DenSC
FEE X USPEC o 19 4 s 18 £ F 17 o0 i, I8 78
RBLER LA PRI FAER AU DenSC S5 £
AT R L LR FR R R Bk — 8ok T
USPEC,USENC #1 DenSC (1) Fifi #L Yk » 4= 0¥ 33 17
20 W EE R BEAE O B A 45 . R IR SO
SR B, DCDP- ASC 75 T8 7k 3R H1 M 75 155 150 1) B 52
s 1R E ) R o R 0. R, A T F AR R

=74
w

Pl v S B v o a5 T A LS EHE B o R 0. 1.
GBSC S E S 4. 1 DN E -3 £ 3 8
G5 T X RE A I BUR AR E BRI S BOR E. |
T SC WBHET FhIE . WA . FiER
nclust & [HEH . L7 .

FKA~F 6 DHERT 9 DI BEELE 104
BB AE i ACCLARI 1 AMI . H v ] — i 4
£ E B R URLAR LR, £ MNIST $fls 4 -,
DPC ., SC #1 GBSC 7 2115 5 25 5 B PR 25 38 1
AR, TR 4E Feof . MDPC+ . DCDP-ASC Al
RSCDD i1y kd-tree i& Fl F{% 24 %045 45 . i USPEC,
USENC #i1 DenSC 7 4b A KIS 155 24 B4 42 B 550 5
B ARSCR A SNE FE4ETR#h kd-tree 75 & 4 £ 4
AR,

X3 EAXPEELHNBHRE

PE DPC(d.) MDPCH (k) USPEC(%) USENC(%) DenSC(k) DCDP-ASC(a) GBSC(s) RSCDD(k/ )
iris 0.2 7 5 5 15 0 0.1 12/3
wpbc 0.1 7 5 12 7 0 0.6 6/1
sonar 0.5 14 5 5 7 0 0.5 5/3
balance 3 29 14 25 29 0.1 0.2 7/1
Segmentation 1 48 5 5 5 0 0.1 82/1
abalone 2 65 19 20 30 0 0.1 17/3
USPS 0.01 9 5 5 2 0.1 0.2 9/3
drybean 1 117 30 5 50 0.1 0.1 32/1
Gamma 1 10 5 5 2 0 0.1 8/3
MNIST N/A 265 5 2 0.1 N/A 52/3
4 ESHEELXNRBREZEMN ACC
B e DPC MDPC+ SC USPEC USENC DenSC DCDP-ASC GBSC RSCDD
iris 0. 9400 0. 9660 0.8933 0.9467 0.7937 0.9163 0.9733 0. 8467 0.9667
wpbc 0.7626 0. 7677 0.7626 0.7626 0.7626 0.7626 0.7677 0.7626 0.7727
sonar 0.5769 0.6154 0.5289 0.5315 0.5298 0.5428 0.5433 0. 5577 0.6154
balance 0. 6848 0. 4656 0. 5872 0.6771 0.6572 0. 6853 0.5264 0.6222 0.7120
Segmentation 0. 6442 0.7311 0.5784 0. 2846 0.7092 0. 3155 0.6303 0. 5987 0. 7204
abalone 0. 5150 0.5272 0.5308 0.5147 0. 4068 0.5125 0.5150 0.5312 0.5358
USPS 0.2971 0. 3970 0.1072 0. 6443 0.7940 0. 6555 0.3517 0. 3832 0.6787
drybean 0.5913 0.7284 0. 7905 0.6017 0.6131 0.5637 0.5144 0. 8102 0.8734
Gamma 0. 6484 0. 6892 0. 6484 0. 6489 0.6637 0.6618 0. 6484 0.7223 0.7241
MNIST N/A 0.8128 N/A 0.7624 0. 8081 0. 7944 0. 8001 N/A 0. 8135
Average 0. 5660 0. 6700 0. 5427 0.6374 0.6738 0. 6410 0.6271 0. 5835 0.7413
x5 ETXHEELXNRBEEZN ARI
Bod e DPC MDPC+ SC USPEC USENC DenSC DCDP-ASC GBSC RSCDD
iris 0.8343 0.9009 0.7312 0.8512 0.6222 0. 7800 0.9222 0. 6498 0.9038
wpbc 0. 0036 0.1285 0.0132 0. 0335 0.0282 0.0314 0.0222 0. 0666 0. 1464
sonar 0.0190 0. 0487 —0. 0035 —0.0011 —0.0019 0.0034 0. 0041 0. 0086 0. 0496
balance 0.1720 0.0266 0.0622 0.1679 0. 1426 0.1892 0.0155 0. 0986 0. 1937
Segmentation 0. 4081 0.5831 0. 4040 0.0977 0. 5685 0.1278 0. 4544 0.4762 0.5889
abalone 0. 1349 0.1512 0.1624 0.1315 0.0146 0.1302 0.1364 0.1638 0.2019
USPS 0.1112 0. 2667 0. 0001 0.5028 0.6722 0.5111 0.1757 0.1872 0. 5551
drybean 0.4149 0.5564 0.6104 0.4037 0. 3611 0. 3660 0.2931 0. 6692 0.7075
Gamma —0. 0009 0. 0698 0.0383 0. 0034 0.0772 0.0242 0. 0000 0.1919 0. 1479
MNIST N/A 0.7323 N/A 0. 6060 0. 6860 0.6573 0.7109 N/A 0.7352
Average 0. 2097 0. 3464 0.2018 0.2797 0.3171 0. 2821 0.2735 0.2512 0. 4230
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®6 EXBEELMRBREEHN AMI
Bis % DPC MDPC+ SC USPEC USENC DenSC DCDP-ASC GBSC RSCDD
iris 0. 8222 0. 8815 0. 7672 0. 8429 0.7113 0. 8006 0. 8999 0.7101 0. 8836
wpbc —0. 0060 0. 0427 0.0225 0.0303 0.0276 0. 0327 0.0158 0.0231 0. 0534
sonar 0.0161 0. 0429 0.0393 0. 0677 0. 0322 0.0167 0. 0207 0. 0046 0. 1096
balance 0.1288 0. 0451 0. 0439 0.1511 0.1244 0. 1689 0. 0430 0.0874 0.2667
Segmentation 0. 5870 0.7142 0.6563 0. 3280 0. 6898 0. 3651 0. 5954 0.6673 0. 6969
abalone 0. 1482 0. 1589 0. 1689 0.1463 0.0338 0. 1280 0. 1320 0.1629 0.1934
USPS 0. 2690 0.5224 0. 0091 0. 6477 0.7533 0. 6548 0. 3523 0. 3373 0. 7040
drybean 0.5147 0. 7057 0. 7305 0.5116 0. 5080 0. 5077 0. 4826 0.7293 0.7644
Gamma 0. 0000 0.0918 0.0131 0.0023 0.0317 0.0338 0. 0000 0.1181 0.1692
MNIST N/A 0. 8354 N/A 0.6961 0. 7609 0.7392 0. 8114 N/A 0. 8367
Average 0. 2480 0.4041 0. 2451 0. 3424 0.3673 0. 3448 0. 3353 0. 2840 0. 4678

S LG 5 AT 41, RSCDD 20 53 A0 T 3t %o
ML TR 7 D ESEdE4E | RSCDD 1y ACCL.ARI
I AMI #B% 3 T HA B 3. £ iris |, RSCDD f) 4%
WAV F DCDP-ASC; 7£ Segmentation |, RSCDD
() 45 BALL F MDPC; 78 USPS |, RSCDD f# 45
RAUAK T USENC. 78 fir A s % iy -F 345 et
HWERH T RSCDD fy 2 45 2 2 by T HAm 53k, 7
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Spectral clustering is a clustering algorithm based on graph
theory and matrix computation. It implements clustering by

eigendecomposition of the similarity matrix of the data or
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projecting the data into a low-dimensional space, and then
applying traditional clustering algorithms (such as k-means)
in the new space. Spectral clustering can deal with non-convex
shape clusters and high-dimensional data, and can guarantee
optimal clustering results under certain conditions. However,
the computational complexity of spectral clustering is high,
which may be limited when dealing with large-scale data sets.
Spectral clustering is sensitive to noise, because noisy data
points may affect the construction of the similarity matrix and
the calculation of the feature vector, which leads to the insta-
bility and accuracy of the clustering results. In addition, the
parameter selection of spectral clustering is also critical,
which needs to be adjusted according to the specific problem
and data set to obtain the best clustering results.

In order to solve the above problems, many scholars
have used the divide and conquer method to greatly compress
the scale of the Laplacian matrix in spectral clustering, and
the efficiency of the algorithm has been greatly improved.

However, these algorithms often have limited improvement

in clustering accuracy because they do not fully consider the
similarity between coarse-grained objects.

In order to further improve the clustering accuracy of
spectral clustering without sacrificing the efficiency of the
algorithm, we propose a robust spectral clustering algorithm
based on density distribution. Firstly, the algorithm used a
density-based clustering algorithm to decompose the whole
data set into more compact sub-clusters, which ensured the
label consistency of the samples in the cluster and avoided the
generation of too many sub-clusters. Then, the dimension of
the coarse-grained objects is reduced by measuring the
similarity of the sample density distribution between the sub-
clusters, so as to divide the sub-clusters. Similarity based on
density distribution is more effective in datasets with varying
densities. Finally, an effective noise identification method
was designed through the probability of the variable in
the Gaussian distribution deviating from the mean, which

effectively avoided the interference of noise.



