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Image Segmentation Method Based on Graph Cut Combining
Minimum Spanning Tree and Quadtree

PENG Zhi-dong XUAN Shi-bin

( School of Information Science and Engineering Guangxi University for Nationalities Nanning 530006 China)

Abstract: Image segmentation is the key step in image processing. The image segmentation method based on graph cut has paid much at-
tention in recent years. In view of the fact that the traditional image segmentation method does not fully consider the adjacent pixels may
belong to different classes we propose a new image segmentation method combined with minimum spanning tree which reconstructs the
energy function. In the construction of the energy function the case that two adjacent nodes might not be adjacent in the minimum span—
ning tree is considered. For this case we determine the weight calculation method of the edges in the graph again which makes the con—
struction of the graph more accurate and improves the segmentation accuracy of the algorithm. However the improvement of algorithm
precision is bound to increase the complexity. For this the quadtree method is introduced to preprocess the image so as to reduce the
number of nodes in the graph. The experiment shows that compared with the existing graph cutting method the proposed method can
greatly improve the precision and efficiency of segmentation with a better effect.

Key words: graph cut; minimum spanning tree; Quadtree; maximum flow /minimum cut

o 21 Boykov
8
R 9 . 10 . 11 .
12 .
minimum cut ' | average cut . ratio
cut ® normalized cut * . min-max cut’ . min — o 13-14
max cut o
1989 ¢ o 15
12018-01-18 12018-05-24 12018-09-21

(2015GXNSFAAI39311) ; ( gxun—chxps201674)

(1992-) : .

chttp: //kns. enki. net/kems/detail /61. 1450. TP. 20180920. 1536. 022. html



12 « 103 »
. 16 B( L) P q
;N P qe
N P q lp—ql
o 17 , o o
18 -
19 o
o a
a o o
a=0
o o o
1 20 a o
. L 2
P(i=12 - n) 2.1
P, e L
P el (L L ) .
G=(VE) P, .
S T S T . .
E={(uv)luePveP} o o
3
olu v) o 1 o
2
.G, G, .
Cut (G, G) .= za)(u v) (1) 6 ? ’
5 6 4
E(L) =aR(L) +B(L) (2)
R(L) t~link 1 ) 1
R(L) = Y R(1) (3)
pep 1 3
R(1) P )
P el o o
—InP(l 1 obj) [ =1
A :{—lnPEZPIkag)) ;=0 (4) ° o
» »
p P(L 1 obj) °
P(1,1 bkg) p l,=1 o o
p 0o
o OB ¢
B(L) n-link o
B(L) = 2 B_,,..6(1 1) (5) 2
(et 2 3
51 l):{O if [, =1, (6)
o i~
2
O T U 7 >0



28

.« 104 +
006 S(R) <4 4
o\o.o o
(4)
3 .
2.3
graph cut
@ :{‘)’B<IH1> +(y_l) S[Jq lfp q ¢ N (8) )
" 7B<y> q> + (1 _'}’) Sp(/ EISe
Pq pqéN
P q 0sy<l
v=1 ¢ ' S G=(V E)
P oq o .
1
S =exp( - 1) 9 o
L=exp( = Y o(pq)) ) (9)
Yolpq) =alpp) +olp p) + -+ (0
o(p, 9) j2 q .
> dle a) P (2) G=(VE).
! : (3) o, .
(4) G=(VE).
° (5) / o
3 ! E(L) =aR(L) +B(L)
B(L) =Y ¢, 8L 1)
(p geN)
P q p q P q
22 . q
. P q
2.2 .
G G n G,
G, G, 3
( 1) Ul”:lci =G, MATLAB
(2) Gl( i=12 n) ; o
(3) NG =D i+#];
(4) P(G,) = TRUE ; A 20. A A
(5) P(G, U G) =FALSE G,
G, . . 4( 1)
P(G,) G, 4(e) .
%, . .
: A o
(1) ( 4 ) Y 0.4, Y
(2) oy



12 « 105 »
4(1) 4(e)
Ly : C 4 ()
% o
4 5 5(f) 5(e) o

(a) JRIRFER

(d) CER[19]

(e) FUMAZR /N b

(b) tegifE %

Ce) HMAEN b

(f) i*ﬁ&?ﬁ*'ﬂéﬁ

CF) SOk R R

5
1

4 5
b 1.025 1.147
c 0.892 0.918
d 0.855 0.874
e 1.773 1.952
f 0.755 0.837

4 5

4( e) 4(f) 0.758 s

5(e) 5(1) 0.805 s

WU Zhenyu LEAHY R. An optimal graph theoretic ap—
proach to data clustering: theory and its application to image
segmentation J . IEEE Transactions on Pattern Analysis and
Machine Intelligence 1993 15( 11) : 1101-1113.
SARKAR S BOYER K L. Quantitative measures of change
based on feature organization: eigenvalues and eigenvectors
J . Computer Vision and Image Understanding 1998 71
(1):110-136.
WANG Song SISKIND ] M. Image segmentation with ratio
cut J . IEEE Transactions on Pattern Analysis and Machine
Intelligence 2003 25(6) : 675-690.
SHI Jianbo MALIK J. Normalized cut and image segmenta—
tion J .IEEE Transactions on Pattern Analysis and Machine
Intelligence 2000 22( 8) : 888-905.
DING C HE Xiaofeng ZHA Hongyuan et al. A min—max
cut for graph partitioning and data clustering C //Proceed—
ings 2001 IEEE international conference on data mining. San
Jose CA USA:IEEE 2001:107-114.
GREIG D M PORTEOUS B T SEHEULT A H. Exact max—
imum a posteriori estimation for binary images J . Journal
of the Royal Statistical Society 1989 51(2) :271-279.
BOYKOV Y JOLTY M P. Interactive graph cut for optimal
boundary and region segmentation of objects in N-D images
C //Proceedings of eighth IEEE international conference
on computer vision. Vancouver BC Canada: IEEE 2001:
105-112.
( 126 )



10

12

13

105 )
BOYKOV Y KOLMOGOROV V. An experimental compar—
ison of min—cut/max—flow algorithms for energy minimiza—
tion in vision J .IEEE Transactions on Pattern Analysis and
Machine Intelligence 2004 26(9) : 1124-1137.
ZENG Yezhan ZHAO Yuqiao TANG Ping et al. Liver ves—
sel segmentation and identification based on oriented flux
symmetry and graph cuts J . Computer Methods and Pro—
grams in Biomedical 2017 7(2):215-227.
CHENG Dongcai MENG Gaofeng XIANG Shiming et al.
Efficient sea —land segmentation using seeds learning and
edge directed graph cut J . Neurocomputing 2016 207: 36—
47.
YU Xiaoming LIU Weibin XING Weiwei. Behavioral seg—
mentation for human motion capture data on graph cut meth—
od J . Journal of Visual Languages and Computing 2017 1
(10) : 158-169.

J. 2017 29( 8) : 1389
—1395.
LI'Y SUN J TANG Q et al. Lazy snapping J . ACM
Transactions on Graphics 2004 23( 3) :303-308.

14

19

20

21

22

. 126 ¢ 28
J . 2014 24(12):28- 11
31. D . : 2008.
2 12
J. 2014 34(2):201-207. J. 2006 27:109-112.
3 13
J . 2009 30(3) : 1249-1254. J. 2013 31
4 (4):88-92.
J. 2009 30(4) :1320-1326. 14 GEBRAEEL N LAWLEY M LIU R et al. Residual life pre—
5 CUSHING M J MORTIN D E STADTERMAN T J et al. dictions from vibration —based degradation signals: a neural
Comparison of electronics—reliability assessment approaches network approach ] .IEEE Transactions on Industrial Elec—
J . IEEE Transactions on Reliability 1993 42(4):542 - tronics 2004 51( 3) : 694-700.
546. 15
6 ] 2009 31(5):1246
J. 2017 40(21) :1-5. —-1249.
7 16 . ARMA
J. 2016 43(2):9-12. C /72000 ( N N )
8  LEE J. Measurement of machine performance degradation u— 2000: 148 -
sing a neural network model J . Computers in Industry 151.
1996 30( 3) : 193-209. 17 ARMA
9  HUANG Runging XI Lifeng LI Xinglin et al. Residual life J. 2008 30( 8) : 1588-1591.
predictions for ball bearings based on self —organizing map 18 ARMA
and back propagation neural network methods J . Mechani— J . 2011 17(2):54-
cal Systems and Signal Processing 2007 21( 1) : 193-207. 58.
10 TALBOT D LI S KAHRAMAN A. Prediction of mechani— 19 M
cal power loss of planet gear roller bearings under combined 2009.
radial and moment loading J . Journal of Mechanical De— 20
sign 2013 135( 12) : 121007. J. 2007 16(3) :114-119.
S S S S S S S S S

CIGLA C ALATAN A. Region-based image segmentation
via graph cuts C //15th IEEE international conference on
image processing. San Diego CA USA: IEEE 2008: 2272 -
2275.

J. 2014 35(3) :648-653.
. 2015 27(5):
783-791.
J .
2016 29( 10) : 43-46.
D .
2015.
J.
2017 35(1) 1 160-163.
J. 2013 25
(3) :402-409.
J. 2013 49( 13) : 149-151.

FISHER Y. Fractal image compression: theory and applica—

tions M . s.l. :Springer—Verlag 1995.



