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Tab. 2 Comparison of performance of 4 algorithms on 9 datasets with 10% of labeled samples %
NBST NBSTDPC NBSTFCM NBSTDPCFCM
ok V¥ 2k . AR CPIES . RRC S - RS -
P v 22 P v 22 P i 2 P i 22
1A% IE A% ERf % ERf %
Iris 68. 105 590  9.391 505 78.714 285 10.106 574 0 77.142 857 5.453 888 79.255 473 5.236 299
Wine 64.096 385 15.075 490 81.000 000  6.826 533 7 74.698 795 11.919 490 84.125 000 4.647 748
Seeds 71.386 054 12.983 040 82.045 502  5.242 683 5 83. 746 355 2.454 439 85.256 084 2.044 395

Vertebral column  72.006 920 4.680 748 67.301 043  3.180 8455  66.297 578  2.404 785 74.936 042 4.078 734
Haberman survival 69.346 823  3.563 377 65.908 372  2.983 5358  70.237 258  2.098 427 72.909 327 3.405 662
Pima indians 70.349 932 2.251 959 60.530 075  2.649 9453  67.057 182  1.910 791 71.584 464 2.761 248
Ionosphere 76.329 156  7.820 356 81.432 566 10.345801 0  85.132 101  5.026 841 79.369 451 5.301 896
Car-evaluation 73.131 832 2.558 402 75.813 974 5.301 8902  71.036 012  2.032 014 74.329 851 4.030 129
Ecoli 73.399 558  6.329 125 77.418 941  5.031 207 8  75.265 416  3.069 026 79.418 426 2.078 035
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Fig.1 Comparison of the FM values of the four algorithms when the labeled sample is 10%
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Fig. 2 Comparison of average classification accuracy of 4 algorithms on 9 data sets



%2 Bam. 5. omEBERCERREN EINET E 99

25 ik ARS8 DPCFCM BRI IE AR A 70 A7 » 7235 AU 5 2 iy S i 2o 530 RE AR i 19 Jg 30 4 12
R X B A 80 G A R o Bl 45 ) I AR A 1Y Ji i S s M) P e R 2 SR E R B 1 A Y TE AR il
FEARIMAVIZREE o X A JOARICAE AR AR 2R 2GS BE AR B AR B AR 1T 5 I AN ZR R I 2Rt 1 2 i 9
DUM-Sr oy 245 BAT Sl Oz AR . TR AE A B T 45 5 A SR 2807 3k 19 B IRk AR SO BT s 0 B

4 Z51E

ARSCER XS B A RT3 AR QA YIS A b 2 5 3 I 35 45 5N R LA B A 8 i e A B AR T A
iRy, $2 7 NBSTDPCFCM 59k . 250k AE A I Zhid £ vh So 3 R Db i A #E 17 DPCFCM 52K . fifi i
IR SR R e P 5 B R BRI AR ICREAS AU AH B AR IC 5 A I 2R 4R o [ A i A b e bR AR 36 R 1 25
KA DU 26 s o MR T ARG W A U207 8k - 1500k R 6 AR Iy b & BLBSCHR 4 v RE A 11 oA A 28I 45 4 Bl
B RETCRICHEAPAR T AN G 73 JERG BE W ARG T7 ik A BT i T . R Rk e S0 N 7 2 E A S
B BE A S B B2 R MR P48 . AR SO TR B AR B YIS Dk Q] k5 R LA B A
PRACHEA AN R A3 A )AL 1115 %68 T 4 i o 325 AR A rh S B B R B i I RE A SR B W I 31 . AR SO R AE it

) A2 2% J5E DL e A BB 2 B 1 00 SO BE A A7 AEAR KA 3R Th 2 )L T — 25 9 F 58 AT 32 204 X R T .

e Pd

[1] ROSENBERG C, HEBERT M, SCHNEIDERMAN H. Semi-
supervised self-training of object detection models [ C]//
IEEE Workshops on Application of Computer Vision. [ S.
I. J:1IEEE Computer Society, 2005 ;29-36.

(2] xUh X042, 2 e . 2 0B 2 > ik (D) i S pl 4
2015,38(8):1592-1617.

LIU J W,LIU Y,LUO X L. Semi supervised learning method
[J]. Chinese Journal of Computers,2015,38(8):1592-1617.

[3] Ji 4. Hlds 2 > [MI. Jbat: i A R 2% itk . 2016 293-
294.

ZHOU Z H. Machine learning [ M]. Beijing : Tsinghua Uni-
versity Press,2016.:293-294.

[4] JOACHIMS T. Transductive inference for text classifica-
tion using support vector machines[ C]//Sixteenth Interna-
tional Conference on Machine Learning. [ S. I. ]: Morgan
Kaufmann Publishers Inc,1999:200-209.

(5] FEVEAT i UL 0. d /MR B AR AR B (G R S kL . S pl
R ,2016,39(7) :1407-1418.

WANG X L,LIN H S. Minimum cost path label propaga-
tion algorithm[ J]. Chinese Journal of Computers, 2016, 39
(7):1407-1418.

(6] Zpg. 2k T R A e i o Rk [T 1 U 5 A
T #8,2017,30(1) : 1-10.

LI N. Data flow classification algorithm based on clustering
assumption[ J]. Pattern Recognition and Artificial Intelligence,
2017,30(1) :1-10.

[7] GAN H,SANG N,CHEN X,et al. An improved self-train-
ing for face recognition[ C]//International Conference on
Image &. Graphics. [S.1. ]J:IEEE,2013:489-492.

[8] GAN H,SANG N,HUANG R, et al. Using clustering anal-
ysis to improve semi-supervised classification[]J]. Neuro-

computing,2013,101(3) :290-298.

[9] ZENG H J,WANG X H,CHEN Z,et al. CBC: Clustering
based text classification requiring minimal labeled data
[C]//IEEE International Conference on Data Mining. [ S.
1. J:1EEE,2003:443-450.

(107 JEREMS . F 4R A, 56 T 808 85 B 1 2 d B A I 2 0 2R 00 0k

LI A H LR TR 52,2019, 21(5) : 1-5.

Al Z P,WANG Z Y. Semi supervised self-training classifi-
cation algorithm based on data density[ J]. Application Research
of Computers,2019,21(5):1-5.

[11] WU D,SHANG M S,LUO X,et al. Self-training semi-su-
pervised classification based on density peaks of datal J].
Neurocomputing,2018,275(1) ; 180-191.

[12] RODRIGUEZ A, ALESSANDRO L. Clustering by fast search
and find of density peaks[J]. Science,2014,344(6191):1492-
1496.

[13] Ak, BAE D, 45520 i 2R 2 A0 80805 09 48 A B I 407 0k
(1. 354U 2018, 38(1) :110-115
LU J.L1J N. Self-training method combining semi super-
vised clustering and data editing[ J]. Application Research
of Computers,2018,38(1):110-115.

C14] XU R L. —Fi 6l R bR e R AR SR 2R M5 B 09 B I 2k
Jr [ AL B 2010,27(9) :3341-3344.

LIU W T,XU X S. A self-training method using cluste-
ring information of unlabeled samples[J]. Application Re-
search of Computers,2010,27(9) :3341-3344.

L15] 07, BB B U T B A IR 45 4 32 4% 1) 48 WL £ 43
Iy [J] HPRME B R =R (B R B 0D, 2014, 26
(3):404-408.

ZHAO F,MA Y L. Multi-Class classification based on seif-
training semi-supervised weighted sphere structuied sup-
port vector machine[J]. Journal of Chongqing University

of Posts and Telecommunications (Natural Science Edi-



100 Journal of Chongqing Normal University (Natural Science) http://www. cqnuj. cn Vol. 36 No. 2

tion) ,2014,26(3) :404-408. (2):258-280.

C167 AR 3, i 208 , Wi 4 A5, KT & PR 1 10 %5 B e P i 49 L1771 XU A= o 195 bR 75 BE 0 (B AR Ak i M) C I R 2858
REREFEED] PEB . E BB #,2016,46(2): 258 B AL LR 5 W 2018, 21(5) < 1-6.
280. LIU C S,XU Q L. Fuzzy C means clustering algorithm based
XIE J Y,GAO H C,XIE W X. K nearest neighbor optimi- on density peak value [J]. Computer Engineering and Appli-
zation density peak fast search clustering algorithm[]]. cations,2018,21(5) ; 1-6.

Scientia Sinica Information: Informations Science,2016,46

Self-Training Algorithm Combined with Density Peak Optimization Fuzzy Clustering
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Abstract: [ Purposes]In order to explore the distribution of data sets before iterative self-training, the unlabeled samples with large a-
mount of information and high confidence should be taken into the training set, and the initial classifiers are given higher accuracy
and the generalization of self-training method is improved. [ Methods |Basing on the clustering hypothesis, it first clusters the unla-
beled sample set with the density peak clustering. After the clustering centers are selected out artificially, the new cluster centers are
used as the initial cluster centers for fuzzy clustering. Hence the useful unlabeled samples are selected out. [ Findings]By using the
density peak optimization fuzzy clustering algorithm, the samples with large amount of information and high confidence are selected
out and added into the training set, so that a classifier with stronger generalization and higher classification accuracy is obtained.
[ Conclusions ] The experimental results show that the improved self-training method can quickly find the original spatial structure of
the data sets, and find out the useful unlabeled samples to join the training set. Compared with the self-training method combined
with other clustering algorithms, our algorithm can obtain better accuracy.

Keywords: semi-supervised; self-training; density peak optimization fuzzy clustering; clustering hypothesis

(wHEHmH & B



