Vol.11 Ne.5
Oct. 2016

5511 5585 5 ) BB R 4 % M

2016 4F 10 H CAAI Transactions on Intelligent Systems

DOI;10.11992/1is.201508022
) 2& B ARt 3k - hitp 1 // www. cnki.net/kems/ detail /23.1538.TP.20160824.0928.004. html

ETRHRERSNESARERELBHEIE

21 IR

CGrd KF HFURFR, L L4 214122)

W B AR EBNRIE TR 2 R — A RS EE IR 5 BBV B 1 B2 AR B i 5, DA R R RO
FAANIR], FrAS 3] ) SRS 25 AR PR A 38 ) SRl T D7 > 2 ANME— 9 BT X I 1), £2 0 T — S A7k RLPP,
TR Z B RISLEE R . RUPP (1 B A% sR S T 00 & A S P KR R A TS B 2 > 4
AR I B B T2 RIS WA B A B R A 24 S, RLPP [RIAHE F T4tk L R AR RO Bt 45 . SEuR R,
RLPP il Tth & 48 T 2 Fp ] Ee BR85S LM RBAH Y sl T AR

KRR AT UL BRI IR G I 2= ) s B % T 2 RIS R R

FE SRS TPIS XHEIRERE A XEHS:1673-4785(2016) 05-0600-08

5 AEREE, ITTR.ETRBRERENSAERERBEE[I]. BREAZFR, 2016, 11(5) : 600-607.
#E X 5| A& : CHENG Yang, WANG Shitong. A multiple alternative clusterings mining algorithm using locality preserving projec-
tions[ J]. CAAI transactions on intelligent systems, 2016,11(5) : 600-607.

A multiple alternative clusterings mining algorithm
using locality preserving projections

CHENG Yang, WANG Shitong
(School of Digit Media, Jiangnan University, Wuxi 214122, China)

Abstract ; Most clustering algorithms typically find just one single result for the data inputted. Considering that the
complexity of the data is generally high, combined with the need to allow the data to be viewed from different per-
spectives (on the basis of ensuring reasonableness) , means that clustering results are often not unique. We present
a new algorithm RLPP for an alternative clustering generation method. The objective of RLPP is to find a balance
between clustering quality and dissimilarity using a subspace manifold learning technique in a new subspace so that
a variety of clustering results can be generated. Experimental results using both linear and nonlinear datasets show
that RLPP successfully provides a variety of alternative clustering results, and is able to outperform or at least
maich a range of existing methods.
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Fig.1 Alternative clusterings uncovered from Synl(1* row) and Syn2(2™ row) datasets
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F1 ANIHUEE Synl k3 FMEZRHRN
Table 1 Clustering performance of all algorithms for synthetic dataset Synl
ik NMI,, NMI,, NML,, i, I, I, F, F, F,,
RPCA 0.00 \ \ 0.33 \ \ 1.00 \ \
RegGB 0.00 0.00 0.00 0.33 0.33 0.33 1.00 1.00 1.00
RLPP 0.00 0.00 0.00 0.33 0.33 0.33 1.00 1.00 1.00
F2 AI#HESE Syn2 £ 3MEZEHRMR
Table 2 Clustering performance of all algorithms for synthetic dataset Syn2
Bk NMI,, NMI,, NML,, i, i, T, F, F, F
RegGB 0.00 0.00 0.00 0.33 0.33 0.33 1.00 1.00 1.00
RLPP 0.00 0.00 0.00 0.33 0.33 0.33 1.00 1.00 1.00

6.3 HREHEE

PERESCHR[ 11 ] TP r A 4 352 45 K I (escher im-
age ) fEN I — T FHRE ATk RIEE R 1
BEE . X AR, R & KRB ZF0 0 #1255
(RIRELER) , B 2(a) B E R HREE R,
LU B E A 2 RetT sh¥y, If B Rt i & nf
DESEALIE - reat Sl b U e SIS I RN R
2R — R T RGB {5 BB S, A
{# ] k-means XF & 2 (a) #4782, K 2(b) N k-
means 92 R IRLER AE R HADF L R E NS
ZRBEEE KB 2(c) ME 2(d) 43518 RLPP 153
BT BLEIR cP 1 ¢ A IBEHE 2(c) H Y
€17l R K253 B 2(d) Hr i eAT 34 o 2
P T AR T B RegGB 115 2 A 45 51
(RPCA BIEMGEI CP 5 RegGB H AL, ¢ 1
BRAR 2 AR IART HE) o B 2(e) FIE 2(6) R
RegGB 93| i ARLEHR ¢ F ¢, IR
MR LI, B 2(c) S5E 2(e) MHELERER BT
TE M, RBP4, B 2(d) S5E 2(6) ML,

AR 2(F) A RBELE HZE 2(d) IR T
JRE R 20015 B, B HCTT 3h ) 5 S ER rE 815
PR XM T RUPP R A T T 45 a2 ) #
A BEAE e R B b IR B8 4R BCHE 1 4540 . X B
B EEIBIT T 10K, E 3 A T XS kT
T,

2 REREHESEELNEGRIRER

Fig.2 Image segmentation results on Escher image data

RIBEREBREELAMEZHORA

Table 3 Clustering performance of two algorithms on the Escher image data

RS NMI,, NMI,, NMIL,, I, I, I, DI, DI, DL,
RegGB 0.05 0.27 0.26 0.39 0.33 0.28 3.81 0.05 2.38
RLPP 0.03 0.06 0.01 0.19 0.39 0.34 3.81 0.02 1.60

6.4 CMUFace #iE&E

fdiFH UCT B4 % B9 CMUFace 04 5 46 56 4
%, CMUFace £t4li #6075 20 ™~ AR EE, A
SO RN ) TR A (IR 2% G A2,
ENGELEOD S N N N 1 S AN T ) I N [
FRROL (BT B858) . B NA 32 kB R B8 T
LFIRFHER A, BT R R B E A
1, Pt B 015 B AT ME R 275 RS EE R H 4T

BEALIEE T 3 N AR iR R TR

Kl 3 WoR R R A E N ER . Hrh
551 AT R IR IR 2 k-means 515 3 197 21{H
UL, 55 2 17 H RLPP 3L 45 8], 55 3 17 HI%E 4 17 H
RPCA 5 RegGB #3155,

MENZR LE 5 1 AT RIERI AR, H
A 3 AT RIS AR SR EA ), ARB 3
FhEEAR MBS Th A5 8 T 0 — A 58 A, (H 2



- 606 - BB R

N 511 %

FEEEREGSER, NEFATLIA ), RLPP il
RPCA MR HOR B, RegGB F 22, K 4 72X 3
FRETEIXT

Fz 4 CMUFace ##E5& F 3 MELHNERDN

Table 4 Clustering performance of all algorithms for CM-

UFace data
ik NMI I F
RPCA 0.012 4 0.294 1 0.713 9
RegGB 0.669 0 0.444 4 0.751 2
RLPP 0.076 6 0.215 1 0.702 1

(a)k-means HiLIE T AR NI F 2848551

(b)RLPPHLHE T S A I i Jg R 21

(0)RPCATIRIET KRl ] T 2R A5 2R

chili

(d)RegGBHEIEFET L m i) i R 284k 1

3 CMUFace #{iFE FHETER
Fig.3 Results on CMUFace data
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YIS 1Y P-4 1]

b IRIE AT () SR B AR SCRVE AR A IS B e 4R
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R E
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Internet of Things (IoT) is a platform and a phenomenon that allows everything to process information, commu-
nicate data, analyze context collaboratively and in the service or individuals, organizations and businesses. In the
process of doing so, a large amount of data with different formats and content has to be processed efficiently, quick-
ly and intelligently through advanced algorithms, techniques, models and tools. This new paradigm is enabled by
the maturity of several different technologies, including the internet, wireless communication, cloud computing,
sensors, big data analytics and machine learning algorithms.

Big Data is another paradigm to describe processing of data to make it ‘ make sense’ to people using IoT. Big
Data has five characteristics; volume, velocity, variety, veracity and value. There are reports that businesses and
research communities equipped with Big Data skills can provide additional incentives, opportunities, funding and
innovation to their long—term strategies. The new knowledge, tools, practices, and infrastructures produced will en-
able breakthrough discoveries and innovation in physical science, engineering, mobile services, medicine, busi-
ness, education, earth science, security and risk analysis. For organizations that adopt Big Data, the boundary be-
tween the use of private clouds, public clouds, IoT is sometimes very thin to allow better access, performance and
efficiency of analyzing the data and understanding the data analysis. A common approach is to develop Big Data in
the IoT to deliver “Everything as a Service”. In the process of doing so, innovative services known as “Emerging
Services and Analytics” can be the highlight and strategic solutions to organizations adopting IoT and Big Data.
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