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Abstract: Deep clustering has become a popular unsupervised learning method due to its remarkable effect in processing
high-dimensional data in the field of data mining and computer vision. Data in high-dimensional space are more likely to
have ambiguity, but deep clustering cannot directly handle the ambiguity in data. In many practical problems, the
similarities and correlations between data are usually more concentrated in local neighborhoods, but traditional deep
clustering methods ignore the local relationships between data. In order to solve the above problems, this paper proposes a
deep three-way FCM clustering method based on evidential information granulation. First,this paper proposes a contrastive
deep FCM clustering network framework to map data from complex original data space to a suitable deep feature space.
Secondly ,based on the idea of three-way decision, the clustering results of the first stage are divided into the positive
regions and boundary regions in order to deal with the uncertainty in the data. Finally, the semiball neighborhood
granulation method is introduced to construct information granules for uncertain samples. Based on this, this paper uses
evidential theory to integrate trust in information particles to achieve the redistribution of uncertain data. The method
proposed in this paper pays more attention to the local structure of the data to accurately capture the intrinsic characteristics
of the data. Experimental results show that the method proposed in this paper effectively improves the clustering effect.

Key words : evidential theory ,three-way decision ,information granulation, FCM clustering,deep clustering ,contrastive learning
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Fig.1 Deep three-way FCM clustering method based on evidential information granulation model architecture
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AHEREAR 2, MXTRIE L ¢, WFIBEE u,, ww

u; (24)
Krp K BH— b H 5 K= Hm\ , kSRR SR LR R L o M S ERNHE T 1 2B J5
FEAR 4L
mass PR m, HFEAS 7, FHXTERIE G ¢ E’Ji@fu B wy,, A(24) TS
1 1
;=" Hu,w-, (25)

l

X, K= Z H”w S JENFREREA z, (AR SRR RIE L ¢, BIRIRIE.

H B %‘nEHEﬁfﬁﬁmﬁﬂiiﬁrﬁﬁﬁﬁﬁ@ﬂéﬁﬁiﬁﬁ, FHEVFEA z, XF TREHO ¢ ISR E
U'=lu;l,i=1,2,-,n,j=1,2, k BRYERLEGD R R AR SR PO,
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BT, SO B2 BR AR BRI 5 IR Al 7 R Oy S A% 1 P,

Bix1 FRMUEIERERSHTE

BN ATEREARLE Z, s
B R SRR R U
M=[]1;//%lak
for sample in Z,... do:// X ANHHEREA ST FE B

M, = Construct_semiball_information_granules ( sample,c;) ;// 1 2= BRAD R AL 2

if Z,p in M2/ /BURTEREALE BRI

U itence =Evidence(Uy ) 3/ RRATE S5 PR 0 A R A SR 8 BETHAAT D AN e A Yy e S I

end for;
U'=U, otV itence 3
Return U'.

00 N N LB W =

3 LB

31 HiE&
R T VAL B AR SCHE 5 B 4R Ltk T T SE ®1 HEEER
L ﬁ%%@*ﬁ?gﬁ?“” \}\H{jﬂ“*ﬂ ﬂ]%ﬁgmﬂ %1% Table 1 Dataset information
R EAR AT T R A, k2 A YEfiE %5
32 BEIESEMER s 2w 6 b
ORL 400 1024 40
ASGERCT 6 BCSMATFE ZIRETES e o tom 1
P& R VR T LB, R PPAG AR SCIT B O i i RICR. COIL-20 1 440 1024 20
ﬁﬁf[\ﬁﬂ? . COIL-100 7 200 1024 100

(1) K-means"* J&—Fp i R R0 537 | il AR Ak , (75 42 P I i e/ Ik, 798 ) B 8 e KA

(2) FRM " A BEAR S e T 45 A R BOME R SR T 13, 3l aod a0k A 0 T ol 755 PR AR BB e KA.

(3) DEC " 2 — 7ol (i JFH R B8 ol 28 I 4% ] Bt 2 > R AE 6 /s RV ER S0 7 k. B2 >0 DA e 4 s ] BIMIK 4 4
fEZS (R BLSS , HEARE L R 2 HAR.

(4) DEKM ") #5138 i — M0 7% K-means 19288 PRI F4E A A 1) 525 (4 B 00 1 28 AR 4004 MR o A 45
[ Al 4 s AR EE (5 B 2 (8], B T RS {5 8.

(5) DFKM"7 48 H T b B [ 3 7 46 25 o8 H50R1A 15 00 4k A9 357 80 3R MO K-means B ( DFKM) .
DFKM [R] i #E47 TR BERRAE SR BURTBORT SR 25 | LUA: B A3 AR PERFIE L.

(6) CC™ S F 45 5 WO SR 4L | 38 3 BCHR A s AA X 1E T %, SR e LA R B R A 2 ) v, ey | S 5 4
AR TE XS AR BLPE [7] Bsf g /N 07 6T R ARARL T, 43 SIEAT R 25 [) i A 7 SIS0 RN SR S GORT L2 >

ARSI 3 A8 BOPE B 8 B, 23 501 2 HE ) 28 (Accuracy, ACC) |\ br {6 H.15 B, ( Normalized Mutual
Information , NMI) Fl Purity ,3 #RJ2& RAARIPPAL T A5 1 SN 5 1.
4 THGEER
4.1 FFLELER

ARSCAE 5 ADNANFIZER G EE AL E AT 10 RSEEE , H0 45 R T 3ME , RAMERE W3R 2 PR | fe 1)
ZE UMLK, MRPESLIEE R, A DU E58.

55 KM FKM SEAE G R LA L, A SOt 1 7 VA 7E 3 N E b B3I T B A as &L, i,
1E USPS FEHEF iR BB L, A SCHTHE ) 7 2 (-2 ACC  NMI 1 Purity 43318 76.54% .72.64% il
81.35% , IR IF- ML G AT 43 it 11.87% .9.97% F1 9.23%. X B AEHE TF 3= A A T3 o F A 4
ST HEAR YN 1) I it E T BB A ) T SR AR 245 [R], AT 3G i SR AT 1) e M4t e M B

55 DEC H1 DFKM S5RBE R A A0 L, A SO 4R 8 1 D7 VR A R 2 8080 46 B IS T I 25 1. X
AT RE S PR Ry i 2y i fift FACA SR AR 2R () [ ShamAt e , AR SCRTHE HY 4 0 12 R FH J #4632 5 06 HE A 2 A
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PSR 4R (AR R 5 48 FH 4 W1(2025 4F)

SEE R A R A s d i 3 nxt b AT 55 BRI Zod A AU ML 55, i 2 AL
XF 2 IS5 XN ZAE 552 2T W07 AT DU S G gt L4 Rl , SR TR R 92 AL RE ). K DEKM 76K
ZRCE S BRI R BN i B v 7 2[R I A A 2 7s 27 ~] TSR A F AR, IX 3 I 1 8 28 1) 52 7%
P, PR AN ZRI ). ST X LA HY CC J7 A0 L, AR SCT it B9 J7 78 ACC AT NMI P48 4R
BT CC, I T CC MBI 3 SR, QR B A AN IS A B o O s SR s A X T RS T
BERE T %

x2 BELR
Table 2 Clustering results
el I USPS ORL JAFFE COIL-20 COIL-100
ACC 64.67 59.30 86.01 65.78 49.23
KM NMI 62.67 77.67 89.27 78.09 76.67
Purity 72.12 63.85 87.56 69.29 54.51
ACC 61.47 56.35 73.05 58.04 48.08
FKM NMI 57.37 76.97 82.08 75.89 76.93
Purity 66.61 60.43 75.68 62.30 53.00
ACC 71.59 39.15 57.09 53.94 32.08
DEC NMI 68.20 63.84 66.46 73.70 67.57
Purity 78.82 42.78 60.09 55.76 34.64
ACC 75.06 43.68 75.77 65.85 50.90
DEKM NMI 75.30 68.27 81.78 78.01 72.50
Purity 81.33 48.10 78.36 68.06 54.81
ACC 71.27 62.65 90.00 64.70 51.33
DFKM NMI 70.72 81.17 92.94 78.47 77.82
Purity 77.41 66.85 90.56 68.11 56.28
ACC 60.49 47.73 91.31 65.44 49.27
cC NMI 58.75 71.89 92.68 77.39 78.43
Purity 62.16 58.30 93.71 75.26 66.19
ACC 76.54 65.05 92.91 67.67 51.71
Ours NMI 72.64 81.97 93.24 78.49 78.52
Purity 81.35 68.50 92.91 70.45 56.37

4.2 HRAZI

R T O EAR R R HO R RSB IR B FCM 3R 28 D7 B 7 M 46 vh YR T, AS SCTE USP Al
ORL X PR AL HEAT 1 T R S50, T i B2t 9 D7 12 v B S0 R TR B B 18 FCML ZR 207 12 0 SR 26k
REASZ IR, BRI , A S S i i I R AR L 453 2 AR 1 3 MM RS AY SRS K M B B i) FCML 32607
LA N B BERY FCM SRIET7 A 14 DU REE L, O/ USPS M1 ORL Kdiadl LitEfT 1 10 i,
I SRER A FEIE. HRLSEIAAE R ANER 3 iR, NS 3 A SCn] RIAS Hh 4 0 .

&3 USPS 5 ORL HIREHHBMIBER
Table 3 The results of ablation experiments on USPS and ORL dataset

USPS ORL

el
ACC NMI Purity ACC NMI Purity
w/oL,.. 60.75 60.46 65.93 42.75 66.76 46.65
w/oL,,, 69.71 69.69 77.53 60.00 79.53 64.35
W/ 0L 1 uger 71.79 70.69 78.32 60.43 80.00 64.78
w/0 two-stage 76.12 72.19 80.96 63.13 80.96 66.90
Ours 76.54 72.64 81.35 65.05 81.97 68.50

FARE AR T, USPS B 10 3 DNEhRY B 2 AL, ORL B 5219 3 N8Rt Bl T 5, LW HAY
PR R AITE RS VERE AR KRR, KXy Lb 4128 f5 , USPS Fl ORL £ 98 4 MERe#f A i 2 T 1%,
WX LA R AR B o RIS Iy T 3 OGS . L HR IR S5, USPS 1 ORL £ 48 48 B9 PERE A BT T
R, X RIS XS e A H R IR — € WFZIR. P B FCM 2R 25 15 B DG FE B i AR AR 1) Sy i
SR8, T LAVERA MR PR S A I TERRTE. [ FH BRI BE FCM SRS B A B FCM R 2871k 5, 1 fig
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WA R T U fR BB B TR =32 FCM SR8 T7 1k

AT R R, X FRAPIRY Bt FCM R T7 A e 2 = R Mg Jr i B AT AR 2. 5838 07 ik i o A3 PR BB T8 bR 35 A
. X UL IR P B B FCM SR 285 15 1Y 205 et e R Ak B e A5 A0 1Y SR 2 1k g
4.3 AESHHIZM

H T ARG S5 T 15 2 R MU ZRas 5 AR SO0 B i B 4T 17 Bl 2k, Bk UL, X T
COIL-20 , A L5l 2k 1024-500-1024 #5F ™, 885 Il 2k 500-300-500 F ™ K54 — 2 7’ 4 3112k 10 4~
JE, ok 2 2] B S E0M 2R B FEIREE FCM R4 b % HE A 740 B Al Sk i BRIl sk . AR S A
F Adam "™ k2%, batch K/INEEE A 512,240 38 0.001. A [ A SL I3 B ANk 4 B,

*4 BSHEE
Table 4 Hyperparameter settings

2K Epochs Ay A, y o & Struct
USPS 30 0.1 0.001 0.1 0.1 0.7 256-128-80-128-256
ORL 900 0.01 0.1 0.1 0.005 0.7 1024-512-80-512-1024
JAFFE 250 0.3 1.5 0.1 0.1 0.7 1024-512-300-512-1024
COIL-20 50 0.5 0.01 0.1 0.1 0.7 1024-500-300-500-1024
COIL-100 250 0.3 0.001 0.1 0.01 0.5 1024-500-300-500-1024

ARSI A ITEA 7 AT LA B S8, B Epochs (A, A,y .o & Fll Struct. HH Epochs J2 AR Y
TE N Gk 72 v B 4R 58 i g R B, A, R A SR AR SCRTH L O AE B8 1) e A0 2 R BT AL %, y 23R
AR ] w, IR BAL, o RIS th— DR I & RS AL S W B SR AT S8, e R =3
PSRRI 5380 78 FEASFIASI A2 FEAS 1 B A, Struct 278 P2 W 48 AR 2 PP 20 I B0, X R 2808 4
1£[0.1,0.2,0.3,0.5,0.7,0.9 ] /™I FR48 2 A, AIME,[0.001,0.01,0.1,1,10,100 ] A R4S FR 82 A, AYMH,
7£[0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9 ] (4 W% PR R & B91H , 55— IR BB, BT A S E R 1R
KL FSUm AT, R A, Fl A, 16 USPS i fE XS 2B45 S p 2 ma dn &l 3 Firs.

| &

(b) NMI (c) Purity

3 AE A A, SRR
Fig. 3 The impact of different A, and A, on the clustering effect

FIC, A, BUEE e, b 0 Ok BE S AT SO AR IR 23 (], (AR DUREAS SR EEAE —R , AR RIAE AR 23
TR AEREALEARFAE 25 6] v 54 70 A SENAE 5 T0UH 04 SR G 284, S I 1 R AR B0l 5 88, DT 422 g SR 2R
AE. UK, A, K 2ok SRR 7 A= U200, ACC \NMI Hil Purity 3 M FR B R EREAL X LB
BBESHE A, SRS AEZS (] 70 A, RISHUR IRUE S B A, S8R HARIILAL. B2 A, FlA, R
TR IE AT R N I, A REAE FA AR R X A 2 PSR A A =2 ) A1 87, AT S5 B e 0 SRR P RE.
4.4 EMSH

ARSCFTH 715 7E USPS Hil JAFFE B4R L ROIRIEAEFEUNTE] 4 Fros. XMLk LT R RN IE# R
R BIREA L5 RIVFII AR 2515 S B b 28 — B0 HL . BEBaR , s IEBR 0 R AR A RO 2 | RS AE
b DN PR LR AR V8 R OO A A e, R 2 RO A B IE A o0 FC R AR D 936, LA USPS YTRE
R0, A — SR WS A5 R — BB AT 5 R RAAL, 5 20 1R VE. 40,3 Fl 5 7E TS5 ] fg e
WARML, B 3 GHHRIIIEN 5 B HBIEC R, FERIAY,4 A1 9 tLrT GEFEARARML, S B 4 Bk /02
9 BB X5 AR YRR — S, RO I SEZR P 7 BRI 5 5 37 5 o I S R
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1.0
0.003 0.000 0.165 0.000 0.00 0.00 0 R0 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
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Fig. 4 Confusion matrix
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KLATT 15, AN E REAS AR 38 A5 EORE , A UE S B8 0 {5 EORL A (5 AR BE HEAT Rl , (ol B30 A AR B DG 3 e
JRrHRA AL, m] AR A PR R i PRI, 7R A SRR b A0 SR A R T AR SO B 1 0 A
THATr . ARSCTARR EZBRGIE T A it b 6l i e R 45, R A B m] DU 1o B A2 2R 11 19 245 45
P55 F 2 i i

[ &% 30K ]

[1] TORTORA C,PALUMBO F. Clustering mixed-type data using a probabilistic distance algorithm[ J]. Applied soft computing,
2022,130.:109704.

[2] JUH,LU Y,DING W,et al. Three—way evidence theory-based density peak clustering with the principle of justifiable
granularity[ J ]. Applied soft computing,2024,152.111217.

[3] CHOUDHARY A,BADHOLIA A,SHARMA A, et al. A dynamic K-means-based clustering algorithm using fuzzy logic for CH
selection and data transmission based on machine learning[ J]. Soft computing,2023,27(10) :6135-6149.

[4] RAJPATHAK D G,SINGH S. An ontology-based text mining method to develop D—matrix from unstructured text[ J]. IEEE
transactions on systems,man,and cybernetics : systems,2013,44(7) :966-977.

[5] ZHANG Q,YANG L T,CHEN Z,et al. PPHOPCM ; Privacy-preserving high-order possibilistic c-means algorithm for big data
clustering with cloud computing[ J]. IEEE transactions on big data,2017,8(1) ;25-34.

[6] KUMAR P,AGRAWAL R K,KUMAR D. Fast and robust spatial fuzzy bounded k-plane clustering method for human brain
MRI image segmentation[ J]. Applied soft computing,2023,133:109939.

[7] ZHAO Q, WANG C, WANG P, et al. A novel method on information recommendation via hybrid similarity [ J]. IEEE
transactions on systems, man,and cybernetics;systems,2016,48(3) :448-459.

[8] CELEBI M E. Partitional clustering algorithms[ M ]. Berlin ; Springer,2014.

[9] LLOYD S. Least squares quantization in PCM[ J]. IEEE transactions on information theory,1982,28(2) ;129-137.

[10] VERMA H,VERMA D, TIWARI P K. A population based hybrid FCM-PSO algorithm for clustering analysis and segmentation
of brain image[ J]. Expert systems with applications,2021,167:114121.

[11] LESKI J M. Fuzzy c-ordered-means clustering[ J]. Fuzzy sets and systems,2016,286:114—133.

— 116 —



L AF R TURE SRAL TR IE =52 FCM RIETT ik

WANG Z, SONG Q,SOH Y C, et al. An adaptive spatial information — theoretic fuzzy clustering algorithm for image
segmentation[ J ]. Computer vision and image understanding,2013,117(10) :1412-1420.

ZHANG D Q, CHEN S C, PAN Z S, et al. Kernel-based fuzzy clustering incorporating spatial constraints for image
segmentation| C ]//Proceedings of the 2003 International Conference on Machine Learning and Cybernetics (IEEE Cat. No.
03EX693). Piscataway : IEEE,2003,4:2189-2192.

YAO Y. Three—way decisions with probabilistic rough sets[ J ]. Information sciences,2010,180(3) ;:341-353.

YAO Y. The superiority of three-way decisions in probabilistic rough set models[ J]. Information sciences,2011,181(6) :
1080-1096.

YAO Y. Three—way decisions and cognitive computing[ J]. Cognitive computation,2016,8(4) ;543-554.

7] RS, B0, 45 D FF AN TR = 37 k-means RISF L[ T]. TEHLE,2023,50(06) :116-121.
1 WANG P,SHI H,YANG X, et al. Three—way k-means ; Integrating k-means and three-way decision[ J]. International journal

of machine learning and cybernetics,2019,10.:2767-2777.

DUNDAR A,JIN J,CULURCIELLO E. Convolutional clustering for unsupervised learning| J/OL]. arXiv Preprint arXiv:1511.
06241,2015.

BENGIO Y,COURVILLE A,VINCENT P. Representation learning; A review and new perspectives[ J|. IEEE transactions on
pattern analysis and machine intelligence ,2013,35(8) :1798-1828.

HINTON G E,SALAKHUTDINOV R R. Reducing the dimensionality of data with neural networks[ J]. Science,2006,313
(5786) :504-507.

PENG X, XIAO S, FENG ], et al. Deep subspace clustering with sparsity prior [ C ]//International Joint Conference on
Artifical Intelligen. San Francisco,2016:1925-1931.

JI P,ZHANG T, LI H,et al. Deep subspace clustering networks[ J]. Advances in neural information processing systems,
2017,30:1-10.

LI F, QIAO H,ZHANG B. Discriminatively boosted image clustering with fully convolutional auto-encoders[ ] ]. Pattern
recognition,2018,83.161-173.

AFFELDT S,LABIOD L, NADIF M. Spectral clustering via ensemble deep autoencoder learning (SC-EDAE) [ J]. Pattern
recognition , 2020, 108 : 107522.

XIE J, GIRSHICK R,FARHADI A. Unsupervised deep embedding for clustering analysis[ C]//International Conference on
Machine Learning. New York,2016.:478-487.

ZHANG R,LI X,ZHANG H,et al. Deep fuzzy k-means with adaptive loss and entropy regularization[ J]. IEEE transactions
on fuzzy systems,2019,28(11) :2814-2824.

CHEN T,KORNBLITH S,NOROUZI M, et al. A simple framework for contrastive learning of visual representations| C]//
International Conference on Machine Learning. PMLR,2020;1597-1607.

LI Y,HU P,LIU Z, et al. Contrastive clustering[ C ]//Proceedings of the AAAI Conference on Artificial Intelligence. Polo
Alto,2021,35(10) . 8547-8555.

VIR, BTN, —Fhgs i) e R—BXT R RS IE )], THEALRR: ,2023,50(09) 1 123-129.

NIE F,WANG H,HUANG H,et al. Adaptive loss minimization for semi-supervised elastic embedding[ C ]//Twenty—Third
International Joint Conference on Artificial Intelligence. San Francisco,2013.

DING C. A new robust function that smoothly interpolates between 11 and 12 error functions[J]. Univerisity of Texas at
Arlington technical report,2013.

HULL J J. A database for handwritten text recognition research[J]. IEEE transactions on pattern analysis and machine
intelligence , 1994 ,16(5) :550-554.

CAI D,ZHANG C,HE X. Unsupervised feature selection for multi—cluster data[ C]//Proceedings of the 16th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining. New York,2010:333-342.

LYONS M J,BUDYNEK J,AKAMATSU S. Automatic classification of single facial images[ J]. IEEE transactions on pattern
analysis and machine intelligence,1999,21(12) :1357-1362.

NENE S A,NAYAR S K, MURASE H. Columbia object image library ( coil=20) [ R]. Technical Report CUCS—-006-93.
1996:1-4.

RUSPINI E H. A new approach to clustering[ J |. Information and control,1969,15(1) ;22-32.

GUO W,LIN K,YE W. Deep embedded k-means clustering[ C]//2021 International Conference on Data Mining Workshops
(ICDMW) . Piscataway : IEEE,2021:686-694.

KINGMA D P,BA J. Adam:A method for stochastic optimization[ J/OL]. arXiv Preprint arXiv;1412.6980,2014.

[ SRAELREE . FhAAHT ]
— 117 —



