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Gaussian Super-pixel Based Fast Image Segmentation Using Graph Cuts

HAN Shou-Dong* ZHAO Yong' TAO Wen-Bing** SANG Nong®

Abstract
structs the graph cuts model using Gaussian super-pixels. The fast mean shift algorithm embedded with edge confidence is

This paper proposes a fast interactive image segmentation method. To achieve acceleration, the method con-

first applied to efficiently pre-segment the original image into homogenous regions with precise boundary, and these regions
are described as super-pixels to construct the compact weighted graph. The feature of super-pixel is then represented
by the Gaussian statistics of color information in the corresponding region, and the dissimilarity measure of Gaussians is
designed in the space of information theory. Additionally, in order to learn the parameters of priori knowledge accurately
and compactly, the component-wise expectation-maximization for Gaussian mixtures (CEMGM) algorithm is used to
cluster the user interactions in this paper. Finally, the graph cuts algorithm is applied to the improved weighted graph
model to achieve the final segmentation. Through the comparison of different color image segmentation experiments,
simulation results demonstrate the superior performance of the proposed method in terms of segmentation accuracy and
computation efficiency.

Key words Image segmentation, graph cuts, super-pixel, Gaussian model, mean shift, expectation-maximization algo-
rithm
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Lazy snapping "3 (B 5 3 FIRR G BE @ 2547 T
af AL EEE:. B TP Graph cuts A n-link
F R AR B RRAE (R) () PR R R EoR e, P BAIRAT]
XHEANBAG Z WA AR5 n-link JEAT SKAN DAL 3E
AT AL BE. AELAR S5 R KRG, A ST AR 7 2
X} Lazy snapping K, Al 5 5L AR 1 5t 2 [\ 1)
n-link I 5 50K, RS 10 S R A IR R PE 51 4F, 1
H A SCX IR 1) n-link {55 I0~FH, — S0 4F.
e LAAS AR ) v il A5 2= s R i s L i R
A S DX 4y e AR S A R

Tiak, T 3 hIEER T RIS, B 5 ik
— BRI T AR CEMGM H5H1 Lazy
snapping ¥ K-means 535 76 R7 ik 5 28 1) 22 5.
WU I AR B ER T N B, TR 2% () S (I %
JEV G 1 BT G, BT AR SO SR T Sk
[12] ik 18 K s sEms, prbh CEMGM ik
Ml K-means 5L W46 K0 # AT IR 95 1) &
bk, BB RA A KK BEHLBS). Prf L5
i RAMELW, AR CEMGM HYEAX Lazy
snapping ) K-means SR AERPERIEHE 7 1

K3 A 2 K0 A AN RS SO R (B G A T T B I 4 R LR (58— AT M KA £,
S AT AN AT 230 Rk N R 23 K W SR AN (RS SEIE K Ty 145 2R )

Fig.3 The comparison of color image pre-segmentations between watershed algorithm and mean shift algorithm (The

first row shows the test images; the second and third rows show the corresponding pre-segmentations of watershed

algorithm and mean shift algorithm, respectively.)



1 RS BT REIR R AR Graph Cuts B> 517575 17

R 3 LRI T R BB BT S 18] (1 b AR

Table 1  The comparison of pre-segmentation regions’ numbers and computation times for the experiments in Fig. 3

- P (195) T B X A (A) ‘ THAY EIRERT (s) ‘
537K BMEER I3 7Kg YIH TR
K 3 (a) 481 x 321 18513 32 0.031 0.219
Bl 3 (b) 481 x 321 6132 158 0.032 0.234
K 3 (c) 640 x 480 8340 62 0.031 0.375
K 3 (d) 284 x 398 15588 179 0.032 0.422
A 3 (c) 450 x 600 25671 209 0.047 0.375

(a) B TIJUEAB R MK REE B n-link WAL

(a) The visualizations of n-link images based on mean super-pixel and Euclidean distance

(b) =T B G =R BIREE B 1 n-link AT IAGE
(b) The visualizations of n-link images based on Gaussian super-pixel and information theoretic distance
4 1 m-link PR R R B A S 7 RIS SR T LB, AT S0 A TS LS 0 ) 026 R,
1y HL S 45 R A S5 55 16 3 AT Y
Fig.4 Visualization comparison of n-link images between different representations of super-pixels’ features and
dissimilarity measures (All the experiments are executed based on the pre-segmentation results of mean shift algorithm

and the arrangement of experiments corresponds to that of Fig. 3.)

(a) ZETHMEEBIEN N K-means FARLR

(a) Clustering results using K-means algorithm based on mean shift filtering

(b) B TR UEN ) CEMGM HH45 R
(b) Clustering results using CEMGM algorithm based on mean shift filtering
K5 i/l K-means I CEMGM X BB R UE R A3 T 45 REAT SRR SE 80 bUEL. it 25 R A Jm 5 B 3 AR
Fig.5 Comparing results between K-means and CEMGM for clustering the pre-segmentation results of mean shift

algorithm (The arrangement of experiments corresponds to that of Fig. 3.)
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S0 AE 1 M ks J I b g R SR ), b T
CEMGM RKJq, 1R K BHN L2046 53 5l
i 2. 4. 4. 3. 5.

B2 S R 6 o, SRR LA T AR AE
MR A2 B, AT Lazy snapping
TESr NG R 2. O 10 o HEAT E R
FEAR, FRATTRAN TR &5 RAE D ARG DL, JF 5%
SCHR [16] ORI F RS & (AR, &%) ik
VR, Horh, R A w2 B 45 R b e o)
R B v B A, A4 FARER AR 20 T35 20 A
FRAR S R 45 b B b B B, T FORE SO A AR
I A eIl (IR 02 2% S0k [16], e
H0.5). F EETERKEE R bR, W5 #)

(2)

&
8

0.560 (0.996, 0.389)
(©

=2

0.982 (0.982, 0.982)

L
\

0.828 (0.950, 0.734)  0.990 (0.992, 0.988)

(e)

Q| ¢

0.981 (0.989, 0.973)

0.943 (0.994, 0.897)
(€3]

g5 FOBRF A N5 1 00 H A A o AE ). AR 6
(P SEIG 25 ] DU Y, Jo T8 2 e Mk 2 e o L, #1
HE—2BIUE T ARSCENA M. o R 2[R
PG, i ok ) B 1 FH P A2 L, AR S IEARRY Lazy
snapping BA HU o #ERYE. H4h, £ 2 B
TR 6 v oS T 1y F#I R S 2R Graph cuts
TENAE TSR AU S o) B bhge. 1l s i b
FATRI, A T7iEAX) Lazy snapping H A7
B, AR FI BT A T 1.6 4%, Mtk Graph
cuts BN ZA54E T 19.5 % M ELEHE BRI,
BARAR ST 1EAI% Lazy snapping 76 T4 #|B Br %
HFE T BT 1.8 5T 0], H S 7R J5 22 i P
Graph cuts Y BRI iEHE R 7 2.7 £5.
FH T AR S A B (R RS S ] LR 25 5 gk AT
FEATSEIR, By DA 43 B B B A dE — 20 S 28 i % ().

A A
0.973 (0.973, 0.972)
(b)

0.566 (0.999, 0.395)  0.985(0.997, 0.973)

(d)

0.813 (0.995, 0.687)
®

0.983 (0.992, 0.975)

0.946 (0.995, 0.902)
(h)

0.981 (0.985, 0.976)

K6 A5kt Lazy snapping JivARI 7 FI45 R ICEL (FR4L5CH0 e 2047 70 30 0 4ty Fl P AR e i BEAR» B S5 R L Lazy
snapping 7} FI G RAA ST BIGER. A FIFTRKE BVELIH F R (AR, Ea¥)
R AR AE NS N FIS5R T 5 )

Fig.6 Comparing segmentations between the proposed method and lazy snapping (The experiments are executed in

groups, and every group shows the ground truth with user interactions, segmentation results of lazy snapping, and

segmentation result of the proposed method, respectively, from left to right. The quantitative evaluations of accuracy are

displayed below the corresponding segmentation results in the form of F-measure (precision, recall).)
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Table 2 Comparison of memory usage and computation times for the experiments in Fig. 6
WAtk (MB) TSI (s)
&4 IR o gt Graph cuts T g Graph cuts

Lazy snapping A%k  Lazy snapping A /5¥Ek  Lazy snapping A 4L  Lazy snapping Ak

K 6(a) 800 x 600 60.261 36.676 10.997
K 6(b) 600 x 450 32.957 18.321 5.968
K 6(c) 481 x321 16.137 10.043 4.020
K 6(d) 481 x 321 15.840 10.824 3.176
K 6(c)  321x481 19.321 11.832 3.390
B 6(f) 450 x 600 34.609 19.208 6.356
B 6(g) 450 x 600 36.097 24.500 7.012
K 6(h) 321 x 481 20.215 14.472 4.649

1.215 1.891 3.906 0.359 0.109
0.633 1.078 2.000 0.219 0.047
0.199 0.500 1.000 0.063 0.031
0.082 0.422 0.859 0.063 0.031
0.230 0.422 0.891 0.094 0.078
0.167 1.157 1.750 0.140 0.047
0.715 1.109 1.656 0.109 0.046
0.286 0.453 0.781 0.047 0.016

1M L, HT A 00 ) Ak B R IR Y, TS S
P Graph cuts A & 52 M AT B X 0 )3 35 B2 117 e
KR, A T 3R B I oy S 45 L AR ATl AT 2 IR
(PRSI, 1 RFIR AL B AR 75 22 5¢ 3 (1is 47 % Graph
cuts 43 %, BT LA S5 VAR S 16 BEG 3 FH Hh
BAT R ) S .

4 it

ARFETF B WL E A Graph cuts B8, $EHH
T —H X} Lazy snapping 5 InA 2148 H 2 E1%
SrETVE. SOTIEE RS T GBS I R Y
RS V00T i s P A5 R AT v 2050 A A 1140 Y0 4 381
T FLASE R e R A5 3 A AR JE TR B B ke X T 40
) DR 3o HEATRFAE A IR R AR Ry T VAR TR ek R )
SERARIAT SR 2], ARSCGEEH T 4y # K
(1) B R e KA TR & vy W S 3o0) P A8 AT 58 50 5K
K. A KRR R BB 5 Lazy snapping
AT AT LA, S50 85 R AR WA SO 1A i 2
R RN B 1 55 7 T LA SR L () P e
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