


FE21EELHE (25524148 )
2016558168

rRES R HAT
FREERRZIAARFZFERETI
FRERHR I O HATY
FRSZiz AT

RIS EA
RE (PEERERZER) 1255, 990
HAEBEATIMEER CNKIZF £
ErhhR, FRTUSIEXERISE(FRAR
B, ATUERBE R BAE
H, FREAS, REITE, FEHEHE
VARt 750 (e -

Copyright
All rights reserved by Journal of
Image and Graphics, Institute
of Remote Sensing and Digital
Earth, CAS. The content
(including but not limited text,
photo, etc) published in this

journal is for non—commercial
use.

PIDBEBAF B

Fl AT RiE

AR (19965617 )

EEBRM PEMFR

EDBRE PERFRERSH TR
TEEREEER
IERN YIRSt B AR

 #®

wmiELIR (TEEREEZR) BELRERS
HRBYEFE 1b=9718(5/4

HB #® 100101

BFEFE jig@radiac.cn

B i& 010-64807995

P HE www.gjig.cn

FEEEWENE RP LA FH03615

B2 R 7 t=RTATE

T 18 =ESHEE

BMRT PEEFEPRZERERAT
(BBELEHE: JLR399(EH  HR4w: 100048)

ENRIZET JLRRHEENRIBIRAS

Journal of Image and Graphics
Title inscription: Song Jian | Monthly, Started in 1996

Superintended by Chinese Academy of Sciences
Sponsored by Institute of Remote Sensing and Digital Earth, CAS
China Society of Image and Graphics
Institute of Applied Physics and Computational Mathematics

Editor-in-Chief

Editor, Publisher Editorial and Publishing Board of Journal of
Image and Graphics

P.0.Box 9718, Beijing, P.R.China

Zip code 100101

E-mail jig@radi.ac.cn

Telephone 010-64807995

Website www.cjig.cn

Distributed by Beijing Bureau for Distribution of Newspapers and Journals
Domestic All Local Post Offices in China
Overseas China International Book Trading Corporation
(P.O.Box 399, Beijing 100048,P.R.China))
Printed by Beijing Kexin Printing Co., Ltd.

CN 11-3758/TB
ISSN 1006-8961
CODEN ZTTXFZ

EMEITHS M1406
ERHR&LS 82-831
EREMN 60.007T



FRANEEER MK
BB HEREA(55556)

B SRR IR AV 34E

FREBMMXRITE(SE
6281)

A SRR E BRI RS
SR/ I B PR RSN 3E HBE
4(5646T)

2016558 %$21% %5 (S2524188)

PEEREL R B

Zhongguo Tuxiang Tuxing Xuebao

REEZIR: 2015

BB oottt ettt ettt ettt ettt ettt et ne 533

ES[ERISER T
EFRMNBUtAdaboost BiriRER

E‘g—ﬁ, EE}E ........................................................................................................... 544
FRANBEERHENENEGED HREX
TRED, BRABAR . BEYLET overeereerrrrrereeeieeie et eie e oot e e e s e et s e e e e se e e e e see e 556

BG5S HRFNIRA
B IR RN E A f A RRIRS

(FAE4E, ZSHBRN, YFERL, BEBL, TEBEHE e oreoeerreeireiieie ettt 565
KERENEENEXEBRBMNERSE

AR, SFEEEE corvereeeert oottt 574
FEORBESHE BRI

BEMRTE, AFITIES -voeerrereerresreere e ettt ettt ae e 588

EGIERRATEN R
HRESHMANNEREEERN

2 SEE, EEA, OB, FEEE, TR e 595
HEXEN S ESTHEGEZ N

KIBZR, DD, B, FOUSE, BREEFT e 605
AU BIR0 B R PUEC B ARIRER

SUKT, XUTTZE, BBIETE «vvvvvvrrrerere i 616

IHENERZ
RS IHEIA R LI RAVSHF IR A N R R

= = S - P UUN 628
— RN IR SR E M BRI
XURE, B9, BRBSEZS, ST, I coooooerrrmmr e 636

EZFEGaE
ERARINEENFRFINOMERBEINE DRI
WELF, 15E, RHE, EFE, B, Bl vrerrrerrremrremremene e 646

ERREIGAE
BEEERE R E RE G A AT

AT, NS, FTEIL, B ccceereerrrrerterimi e 657
Ky tiEEGEMER MR RS T
AE, BRIE, ZSEUPH, TEEBEE, BKTLER «ooooovvvveeerrrrmnreeeeiiiiieee e s eiiee e e e e e e e e 665

ETHERHNTEDIHRSART BRI ERXIZE
WREES, BE, THIF, XUSTE, HEF, K oo 674



Volume 21, Number 5
Published May 16, 2016

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Review
Image engineering in China: 2015
Zhang YUJIN  cooeeniiiniiiiiiiii ittt st et 533

Image Processing and Coding

Object-tracking method based on improved cost-sensitive Adaboost

XUE Yizhe, WANQ TUO +++++eeeseennnnnnmmmmmmmmittttitiitiittt ettt 544
Image super-resolution using two-channel convolutional neural networks

Xu Ran, Zhang Junge, Huang Kaiqi «++-++««++«esssverreeermmmmiiieeeiiiiiiece e 556

Image super-resolution using Image Analysis and Recognition

two-channel  convolutional Face recognition method based on local mean pattern description and

neural networks(P556) double weighted decision fusion for classification

Ren Fuiji, Li Yangiu, Xu Liangfeng, Hu Min, Wang Xiaohua.--.«-.c.eeeueeieiiiiiiiiiinnn.. 565
K-steps stabilization based on automatic clustering of shoeprint images

Wang Xinnian, Shu Yingying ..................................................................................... 574
Moving object detection using improved Gaussian mixture models based

on spatial constraint
Dong Junning, Yang (03 2 1T 588

Object level saliency detection by hierarchical information fusion

e I Image Understanding and Computer Vision
‘ Li Bo, Jin Lianbao, Cao Junjie, Leng Chengcai, Lu Chunyuan, Su Zhixun «-......ceceeueeeee 393

aa A & Image saliency detection using regional covariance analysis

Zhang Xudong, Lyu Yanyan, Miao Yongwei, Hao Pengyi, Chen Jiazhou -----«-+--cceeeenenenee. 605
Foreground discrimination in local model-matching tracking
Liu Daqian, |_|u Wanjun, Fe| Bowen ............................................................................ 616

Calculation of correspondences
between three-dimensional
isometric shapes with the use Computer Graphics
of a fused feature descriptor Calculation of correspondences between three-dimensional isometric shapes
(P628) with the use of a fused feature descriptor
Yang Jun, Yan Han, Wang Maozh@ng «+-««-««+sseseesseesseesenienieniiaienienieeie st 628
Weighted rational interpolation spline surfaces and local constraint control

Liu Zhi, Xiao Kai, Chen Xiaoyan, Jiang Ping, Xie Jin -« ccoooeviiiiiii, 636

Medical Image Processing

External elastic membrane border detection based on sequential learning and

prior shape information for intravascular ultrasound images

Lin Mudan, Yang Feng, Liang Shujun, Zhao Haisheng, Huang Zheng, Cui Kai -++--+--++--+--++ 646

Remote Sensing Image Processing
Inshore ship detection method in optical remote sensing images using local
salient characteristics

Li Xuan, Liu Yunging, Bian Chunjiang, Mao Bonian -+«-«+«-+cceeeeeieiniiiii 657

External elastic membrane

Analysis of factors influencing clarity of hyper spectral images in long time series
Shang Ren, Hei Baoqin, Li Shengyang, Qin Bangyong, Zhang Jiuxing ««---«---eeeeeeeeeeeeee 665
Variogram-based rural build-up area extraction from middle and high resolution

border detection based on
for intravascular ultrasound

images(P646) SAR images

Lin Chenxi, Zhou Yi, Wang Shixin, Liu Wenliang, Tian Ye, Zhang Yannan --------ccsceeeeeeeene 674



574, \_E!mail: jig@radi.ac.cn bEEREZREBEEEIR

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-64807995 O FEERERFRIRINAE

REESES: TNO11.73  CEERIRAG: A XEH S 1006-8961(2016)05-574-14

X A : Wang X N,Shu Y Y. K-steps stabilization based on automatic clustering of shoeprint images[ J]. Journal of Image and Graphics,2016,
21(5):574-587. [ EHi4F, %= . K PREMHENELEG A EREL)]. hEESLEE24H,2016,21(5) :574-587. ] [ DOI: 10. 11834/
jig 20160505 ]

K 4 H 72 M & ED 1L 50 4 E B BB 2K

THE, FEE

KM 5 BRI AR, KiE 116026

B E: BEY  REEDRIR ST Y E BYIE R — WA XPER SR R R B AE S R T A SR A B R R
V)T B AR 2 — o S HAR G, BEEIESCEN 5 BAT Rl 2 20K H R R ZEAE L0030 A A K2 HLIF]
FACLR H A R AT o e TREEEDFESCR R X Lo 5, T H B ) SR ST X ek BN JE SRR AR HE AT 3R 2K R A
REMUIRARAF A ROCR o AEXTHEENAE SCRREAT 70 A 9 25 A, 3 0 — K 2D R0 i EEDFESC 1R A B R R Tk
Tk XOPRCHREENELUE BT ST A B, A5 JEREEN AL B0 (B 7R RFAE 25 18] b A7 AE FAN RS I DX I8 (AR SCRR g
PR ) o FE IR IBARUR T 4R A S REENAE U B B B A7 KRG 2526000 o s R0 « A S 3df 394 it Dok ) 7 5
AR AR 25 ) o 5 P — 28 B B, A B RO AR 1) 22 03 78 s A A S K UK 7 ) i R v, e — 28 i A AN
AR, WX K YR AR R Bl b e AT 9, BIDSR HH— 2, OF K 4 b I R A0 A9 200 5 e 46 T — S e
XERUR BB G BT 5r it KA B2 R 2EHE , LRI RI AR B SR 2, RS, &R eI A TH
B A RS BRAEE B AE SRR AR b AT SC 0 A SCHTA I R RMEREFR i i SR Bk J LR E L 5 792 Bk
BEENAE SRR 45 1 1 SR ISHER R A F-Measure (HI3 5K 5] T 99.68% H195.99% . Zif  FIXHEEENESC I BRES AL,
Pt 7 i T A 2 I R B EA T B SRR L A SEPR N T T IS T ARG IRCR . B EMEREZ
SR AL BRI R/ o A SCRE RIS A T HoA 2 U e i A R SR 1 A 3 2R 26

KRR - R EP AL 5 5 TR W B s KPR 5 W] IR A s A U s AR TR

K-steps stabilization based on automatic clustering of shoeprint images

Wang Xinnian, Shu Yingying

Information Science and Technology College, Dalian Maritime University, Dalian 116026, China

Abstract; Objective Shoeprints serve as vital evidence in forensic investigations, and determining how a massive amount of
shoeprint images can be clustered automatically through long-term accumulation has become one of the urgent tasks of crimi-
nal technology. Unlike other image sets, the number of shoeprint categories is not only considerable but also unknown. Sho-
eprint images in the feature space are distributed inhomogeneously and sparsely, but the quantity of each class is low. For
these reasons, most existing clustering algorithms cannot satisfactorily cluster shoeprints. In this study, an automatic cluste-
ring method is proposed to divide shoeprint sets effectively based on an analysis of the distribution of shoeprint images in the

feature space. Method Through statistics on labeled shoeprint-image databases, we found that shoeprint sets of different
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patterns do not intersect, and a blank region, where no shoeprints exist, is present between every two classes. Blank re-
gions are called margins in this paper. The core objective of the proposed algorithm is to determine the margins between
classes and use them to divide a shoeprint set. The process involves the following steps: 1) dividing the shoeprint set with
monotonically increasing or descending thresholds, which are used to classify two shoeprint images into the same cluster;
2) searching for the cluster that does not change with K consecutive partitions; 3) outputting the stable cluster and remo-
ving the shoeprints belonging to the output stable cluster from the dataset; 4) choosing the next threshold and dividing the
remaining dataset; 5) returning to step 2) until the remaining set is empty. Result Experimental results on two kinds of
publicly available databases and one real shoeprint database which comprises 5792 images, have shown that the proposed
algorithm outperforms state-of-the-art clustering algorithms on common clustering evaluation measures. The precision and F-
measure of the proposed algorithm on the real shoeprint database are approximately 99. 68 and 95. 99 percent, respective-
ly. Conclusion In this study, based on the distribution of shoeprint images in the feature space, an automatic clustering al-
gorithm that searches for margins between clusters to divide a dataset is proposed. The proposed algorithm achieves a com-
parable or even better performance on clustering a shoeprint dataset than its competitors. Experiments have also shown that
the performance of the algorithm is less sensitive to the parameter and shape of the clusters. The algorithm can also be ap-
plied to clustering other datasets of images with characteristics similar to those of shoeprint images.

Key words: shoeprint image; clustering; margin; K-steps stabilization; reachable radius; cluster aggregation tree; clus-
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Fig. 3  Three sample classes of the shoeprints
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stabilization clustering method ( (a) the case that the width of
the margin is less than the class reachable radius; (b) the
case that the width of the margin is greater than the

class reachable radius)

2.3 HiEfiR

XPF 245 8 W EN AL S ER 4R X =
X, xy b RS BARE ST RIS IRy

1) TH55 45 i R 2 18] 9 BE 825, T2 B I 5 0 1
W e RV,

2) Bty e R B S E AT 2 R R 4y 1) B W] IR
RER 6. Ml EH 1 AT, R Al AR — e T
A A S BB IR PR 1 A/ IMEL R e KAE Z 1],
PRI Worp B =0T =M O FEx e
TR ) T T A F /N BIRHE Y, 25 s i KA
AR/ ME, R A AN AH [R] A0 Bl A 1 AT 35 AR 1Y
ik, e = [6,,+,8,, .6, ], Hr LN H A
(R 540 ()1~ 48

)M B JE R MR, AR E AR K

{xly'“’

WhaE RBCP RSB R T kB ARG PR A
T, AR S 4 AR IEIEAT ko 183 kR
LRI

HRAE 25 72 (T 35248 8, PRIl AR HEA TR0 40 1
FrATR 2, T R 7k M T
TR AR SOR AR 3 1 i DX K
g S R 43, B

(D) BEEENAELLEBRAE X = fx, o 0x,, o0y
VE R AR o B B , 28505 s BIRIIRTE D 1

(2) MARRI OB e — ME R AR 1
P N DR LN e IS ol N 3 = 3/
A5 BT I 14 5 I SR 5 TR 2 1)
ARSI FEA B2 5 i 5o

(3) Bk itk AR C F i 5 244 7 1
T RUARSE B R, BB TR A Y AT
AR IR . IXFEIE B — B 200

(DG s =s+1,

() PATHBR(2) , HBUR R s 4 s, |
JIT A HCHE AR VA AR 2 391 (s 45 1 -

4) I K DR E RBON R SR 04T SR 2K i
AIRINT

(1) B LIRS T iR, e LRI IR e 1, 4R
P S5 iR 2R K AP AR E REL

(2) ¥ 2 K APRSE A B 2R B 2 e &
RIre—3Hmih i h G, [R5 S, ¥ 16
(B 1, A HE 2 1 I 28001 20 5 1, H N B4 4
HN ISR BT A a2l BT A )L TR AR Y R R
AIBIEEEIC T Ko

(3) FAFAEA L K ADRRE SIS, T —
NHIEAEEAE S, FPYR 3) YT IR X AT
R0 JFR R — )2, HIZRF S L 1,

() Femp BB (1), BHE X, N5 1L, BUETA
B B AR
2.4 EERFFEST

FEENAES R I TR S BONA R E
RORAE: XA SCR 385 T REED AE S0 BRI A 5 1
DA i B 02 () 52 % FE AT 40 3

D AT ZFRMIBERENEE, A EE
b KPR W5 AU -4 38 001 =2 ) ) B g e L DA
TR 2 2850 ELRE A sl 8 2B H R AN 20
ERENEH .

2) REMEAT RS R [ 2R A 7 A A 24 2T 1) R

© h H R B AR AT A



$01% /558 /2016458

EE, FEE / K TRENEENTBUERBESE

A RO T B R 22 TR A E B R A
FIN G Z 8] o3 Ai AR 5L, HAS IR B A H A2,
U B A T T 1 R kA B R 4 R AT ]
4 B 1 (L R 0 A P SR A 3 By T ik
AN ZRARL, A SO i i by /N2 AR U i
P Z A B AT kA, 4R 5 A e R
P A5 2 2 TB] B B s, AT T SRS . R4 26
JHAG B B B (L (L T 3R A2 ) S AN TR 14, X6 A
B, SR 8 B ] IR, TG A1 E A 3
RS, SRR A% ] IR~ AR LU BN, I, Bt
A R RS S0 A AN 32 2] B Tl AL

3) AR ST AN AL SO ik =3 18] L 1) 70 A JE
WHEATIE « FEHERBIE RS TR TH R
O SR AL R — U Tk 7 UHDE , AN 2 0
K-means SF53% 5 i s ELAE AT 3R 9 75 30, B R
B S 3 AT AR BEA IR B S5 BR

4) RNZHEENAE SR 28 DA K ) AR S8 B BRI
B A UL 4 BE B (L, B R R ] B — 26, A I
XA IR BH B BoR o AN TE R T /& K
AR TT I E ], R Z (B AF LR gty , 4
IFFRRAF I IRIGHOCR o NI Z R IE H R

5) FIL ] AN A WAL 28 B o b . AR A Y
I [ RS [R) S22 0T I T

(D) A %dE 5 B4 R Z IR B R W, &
Zbtr (N - 1) x N/2 AR AE, B A & 2% 5 O
O(N), BEBHHMFRRE (N = 1) x N/2 MEEHIT.

(2) B 7 X R AR BEAT 22 R ) 0 1 B4 T Gk
TRER S B (N = 1) x N2 DNHE AT HEY
RITFHET 0 05 3, i ) B 2= 2 O(N?), Al ik
REAHE (N - 1) x N2 MEf#HIG,

(3) Ay & JR2EAR R 2 AT R B R S
M T R R BE /N T B AR AR Y R E S AT
BRI AR L, T R A S A
AR Fh /N R HE R 45 UCHE e A I i) 52 2% T2
O(N) , N i 2t Ar N UCHER, I (8] 52 2% R
O(N?) o ARHEHEF 5 i 8, 72 3 B Fh 7 i
FEn] A KU R AR (] . FRARA S A HE AR
T2 (N = 1) x NAERE R0, A7 R il i BT
FIMPRRTTE N A0,

(4) I K 22Fa5E 2 RO Bdie S A7 SR Ak iy
HF R Z 1 RSN K P58 RBOHAT, Iy
LI TR] S 280K ANZIZ I 80 5%, i) &2

IREE R
3 XWERSHH

3.1 SRIINE
31,1 PAE A

N T BAEASCRIERYTERE , BRI 1 RO kA T
T3 BRI, 73l G e 5 (http ./ cs.
uef. fi/sipu/datasets/ ) /2N EELE ( Olivetti Face
$04% FE , http ://www. cl. cam. ac. uk/research/dtg/ at-
tarchive/facedatabase. html) Fll%% B[ 78 2 B2 B4R 45
G BRI EE 5 AR R AR 195, 230 2
L T AN[RI B ) Olivetti Face i 4 b3 A7 40
ARV ASTR) P 3 A [ B (R % 52 o B> XoF
LA 10 WA FE R AR, Bl 2 A1 400 B
NG, A% ST FH B4 SR e 55 SCHk [ 16 ] A ] 5
HEEN A8 81 AR B0 4 R I8 T 5 i ) B4R A Y
5 TO2MCEE 435 3 256 AN[FIZRBIAELL .
3.1.2 WA

HEA SCRE N 3 A SR B AT LA, 4 ) 2
TR DBSCAN FISCHR[ 16 ] v A J7 25, #2120l
RUETAH R STHR A7 1 2
3.1.3  PFMrdEdy

KT REMERER N 55 A R Z T, A ST AT
ARG A FEER FSCERL17 ] € Ly 6 F
PN FRAREERE (Purity ) JH—b H A AF B (NMI)
Rand $8%((RI) (F-measure JEH 3 (P) A [EH(R)
FSCHR [ 18 ] & L 75 — Fl 2 2L 1Y F-measure,
F-measure f7 BRI 20, — i 20 M 8 B 1K A v
MG IR A F, R 5 5 —FE U
R A — 2 S B bR 28 X0 iy 1Y) 2R 2R 1| i) F-measure
EAUSE] A F #oR™

2 3 S B 1) 2 SR 25 A [m]—2 ) v W) 2 A 2
RO 5 VA — AR FAH A5 B REAR B e 1 23R 3k
SR BRPRICH — B 00 ; MERR R S THER N
[ 2 B R dh R bR T O () 2 9 Kdke B o Y L 5
]3RS e T AERRIC A [F) 28 B B Hh SR 26 o [ 26 1Y
ool Rand 5% F, F1 F; W29 R e 7 HERfA A2 A
AR EE A RO, A 5 SRR R G PERE

X7 AEPR R BUETE E AR S 0 2] 1, I HARE
BB R R T SRR ROR

581

© h H R B AR AT A



582

PEERERF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol.21,No.5,May 2016

3.2 AMHESEHNIEERSSN
T BEHISA BT RE S IS T 26 AR, 38X 5 G
SR AT IR, SEIR R ANIE] 8 ML 1 F
Kl 8 /N RA SO RAE 5 A S EIR AR 11
RIGR . XFT 8 (a) (b) X Fh 255 2 [8] 47 1E W]
A B S AR, AR SO T RUIE AR RIS 5 %
W 8(c) (e) (g) H HELR T ] i) 1 A~ 2501 22 i) - A

(a) AR AE £ OB Hespiral 1 YKk

M

v

(0) 3 BB AR ISFRIER IS AR

v oo, _: c. o o 0% o o
. *e,
etee ..., o %0 ° °
0 00%e ° o °o o
'o‘o' ° L A °
® 00 ° e o Ardants ©
L ° O Sl o
o 8% 4 o0, e o AmETER
o o . . 0 kb
.o . t:v‘? ° o
Yt
o o MWt S
°

AAAE] I B B RO B, B0k R 2 A 2R 4y il
B 8(d) (£) (h) Bz, A1 b B (19 2800 2 80K
J— 2 s (E R AT A I g 17 Il P 2K 10 2 R L B
O A DA — B al DLRERR 2R IS, i 8 (f) v, i
Ry + 7 RIARIC A & 5 R IR S8 x 7 B AR
TCARRA TR M A B AEAR RS+ A
SCREARRER A TT o

e
M

(b) A A TR K ain | A L
»

E 4 =y«

ﬁ.«.

vﬁ?
v v
(d) ASCHIETE O R AR 15 L AR 264 R

o
7
35;'}'. d
7 =
P

(h) AR SCHE BT G R A Aggregation | Y ERZE4S
K8 ASCHILTE S Ma iR FRyRE;
Fig. 8 Clustering results of the proposed algorithm on five kinds of synthetic datasets ( (a) clustering result on the spiral dataset;
(b) clustering result on the jain dataset; (c) the ground truth on the R15 dataset; (d) clustering result on the R15 dataset;
(e) the ground truth on the Compound dataset; (f) clustering result on the Compound dataset; (g) the ground truth on the
Aggregation dataset; (h) clustering result on the Aggregation dataset)

(2) &5 A 42 A ggregation Rl RS HS

© h H R B AR AT A



$01% /558 /2016458

EE, FEE / K TRENEENTBUERBESE

%1 PRI TIRAE 5 P nlcn g i R
RECRA I TERESE bR, AT DI I, AU R
B A A 25 T 3% S S DBSCAN Jy 32 I SCilik [ 16 ]
HETEAR EE , AR SCRE R 4l HEf 2 Fl F-measure
(P RE RIS ARR , D DR A TR AN A7 7 B B 19 2 1]
BT —2, K 8 Hi(e) (e) (g) Frn X AEH05
BILLEE  HETH R A F-measure 4545 K. &A% &
TR BT A B0, AR SO I RE 4 58 2 IE Al 1 2R
KR,

LRI 8 M 1, U WA SCE kL RE S A AL T
| SASIE I3 A5 AN X 20 1 TR, HANRS AE SR RFAE 25
]_E i) A AR T IRUE

F1 AXHREARBESE LT

Table 1 Average performance of four kinds of

algorithms on the synthetic datasets
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Fig. 9 Performance results of both the algorithm in reference [ 16] and the proposed algorithm on the Olivetti face database

((a) performance result of the algorithm in reference [ 16] on the Olivetti Face database; (b) performance result of the

proposed algorithm on the Olivetti face database)
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Fig. 10 Ilustration of the decision graph of the algorithm in

reference[ 16 ] and the chosen central points of the clusters
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Table 3 Performance of four kinds of algorithms on

the real shoeprint image dataset
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Table 4 The effects of parameters on the performance

of the proposed algorithm
/%
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KSR 10.20 0 7.46 5.28 3.59

Purity 99.78  99.78  99.71 - 97.72
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Fig. 11 lustration of the effects of varying parameters

on the performance of the proposed algorithm
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Fig. 12 Hlustration of the clustering results on

different seed points
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