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Intuitionistic fuzzy locality preserving projection least squares twin support
vector clustering

WANG Shunxia', HUANG Chengquan®” , CAI Jianghai', YANG Guiyan', LUO Senyan', ZHOU Lihua'
(1. School of Data Science and Information Engineering, Guizhou Minzu University, Guiyang 550025, Guizhou, China;
2. Engineering Training Center, Guizhou Minzu University, Guiyang 550025, Guizhou, China)

Abstract: To solve the problem that the local structure information of data samples is not fully utilized and the sensitivity of the
algorithm to noise leads to the decline of the clustering effect, this paper proposes the intuitionistic fuzzy local preserving projection
least square twin support vector clustering method. Fuzzy scores are assigned based on the distance between samples and centroids
and the heterogeneity of the samples, given weights to the samples, and the local geometric structure information of the training
sample is fully utilized to provide prior information about the sample neighborhood, which not only reduces the influence of noise
and outliers on the performance of the algorithm, but also effectively solves the clustering problem of data. Experiments are
conducted on several datasets, and the significance of the proposed algorithm is verified by statistical analysis. These experimental
results demonstrate that the proposed algorithm has better robustness and clustering performance than other existing algorithms.
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32 BREXBERSHH
L MEd4 1 IFLPPLSTSVC 5 HAt 77 25 () TWSVC .LSTBSVC .LSPTSVC H1 pinTSVC) 7ETCME A (A if:
# o 7 0) MM (o 439020 0.05 F10.10) 0 T Ay SEER A5 2R b A an 2 2 i, 3R IR 2 4R 28 7 %o iy 53
R AEMER R
2 ARRMSAIATER RIS 4E L RS HER R

Table 2 Clustering accuracy of nonlinear algorithms on different datasets HNL %
TWSVC LSTBSVC LSPTSVC pinTSVC IFLPPLSTSVC
0=00=0.05 6=0.10 0=00=0.05 0=0.10 ¢=00=0.05 0=0.10 ¢=00=0.05 ¢=0.10 0=0 ¢=0.050=0.10
Ds2c2sc13 03.28 83.69 8391 95.64 83.72 83.11 92.18 84.03 84.42 9834 84.40 84.25 9432 85.01 8446
Spherical 5.2 94.99 89.48  80.05 85.32 8298 83.17 95.92 8831 8550 9585 90.76 87.00 97.95 88.57 86.37
Elliptical_10_2 93.94 90.85  88.16 95.42 93.47 9522 97.82 9831 9620 99.05 98.06 96.66 99.64 98.59 97.69
2d-4c-no4 58.14 56.24 51.08 63.52 87.31 85.01 89.91 89.97 8422 99.69 99.15 99.00 99.79 99.15 98.73
2d-4c-no9 96.61 9599 94.85 97.72 9522 94.14 90.00 94.04 90.27 99.53 98.89 97.63 98.35 98.04 97.75
Longsquare ~ 77.14 73.84 8339 81.02 80.88 82.61 9536 94.57 93.81 99.06 98.15 97.22 99.70 98.84 97.94
R15 99.51 9429 8447 99.00 93.88 9239 96.44 88.21 88.20 99.16 94.65 92.32 99.87 9538 92.97
Aggregation 79.88 84.89  81.89 75.56 7886  73.84 71.39 71.03 71.10 99.40 97.73 97.47 99.81 99.52 94.18
Haberman 61.76 62.42 6378 63.09 63.78 63.78 6448 63.78 63.09 6293 60.54 61.26 64.48 63.78 63.78
Seeds 74.87 76.63 7692 86.15 84.69 8324 8637 83.77 8392 9224 84.60 80.95 86.37 82.12 83.17
Glass 64.72 61.12 64.08 6891 65.02 6597 6851 67.50 6521 7540 67.65 68.08 66.92 68.52 65.95

H2 " LIES £ 0=0,0=0.05,0=0.10 155 T, IS0k 78 R ZH080E 4 i R ISK 8 T A s
o N, %FF Elliptical_10_2 (H85E , 7EAREZE o =0 WICMES LT, Ir 8 5 09 R 2 HMERR R 99.64%
TWSVC LSTBSVC ,LSPTSVC Fl pinTSVC 1R AHERf K 5371 K 93.94% 95.42% 97.82% ,99.05% , FEbRifE
2 0=0.05 AR EOL T, FT Rk A SR 2B MERG R R 98.59% , 1fif TWSVC .LSTBSVC ,LSPTSVC Fll pinTSVC
G310 90.85% . 93.47% ,98.31% ,98.06% . TEARMEZE o =0.10 BIME SO0, B 5 550k ) 2R 28 kil 32
97.69% , T TWSVC .LSTBSVC ,LSPTSVC Fl pinTSVC 435 4 88.16% .95.22% .96.20% .96.66% . M4k, 7E
11 SR JE L IFLPPLSTSVC SETERMIEZ o y 0 BYTEMEFF AL T LAS o 435024 0.05 F10.10
POREFS I OL R, 43 BIHE 7.8 6 B AR IS fe i A SR AE B . fh 3R 2 TP LIAE 2 4E 4% IFLPPLSTSVC
SR TOWR S (I BEAE R RAT R SRR

LTI 0=0,0=0.05,0=0.10 & T 7EA A B AEL R 56 F a3z ik an il 1 s,
IFLPPLSTSVC 5.3 (/) F- 382 ] i} [ B i Lk TWSVC A1 pinTSVC S5, iX F2E K X 2 Fh R AF R
B R AR 1 AT QPP SR AAT IS V- 1, 17 I P 8312 HU5 3 ek SR A 4k Uy R 2 AR A 455 B B AR A A 7
RFE, ERZEEN T 5 LSTBSVC Sk 1y~ S RFA Y, Ik LSPTSVC FERSFf 4 —LL (HIZAH2ZEIFA R, X
B PR N I S 5 A B W I TR) TSR B A A s ) e OIS (AR AR AR 22 TR AY JR) R IR A5 26
PR FBCSR RELR
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