F 458 H11M D2 M- N 1 M = A < Vol. 45 No. 11
S4E 11 H COMPUTER SCIENCE Nov. 2018

ATEGSENS S XFHESKEMN
ETHEEENSEaERE

KE— ¥ F REE E R
(AT EMA%¥ENEFTREFR) AE4EFERGAEZLALRE M 510515)

'l

W E SMRSEAE-—MREARAMS ZEAGEAGESEH TR, Rm R &M RSB A RS RS A K
BRI LR R GATH NI T EAE R TR ZNXA. FELHALRS 2R F T . L H‘F"Tm
HHEAIE A GRS RIG X PR ES S EZHHREBEA P LA TARCLOZHRAOEE N THGE>E., 2
PEGHREBEANSHARSBEARIT ISR . BARSERAG MA S HA ARG FE, S5 ERGERR—F
F M A5 p ey & — Ao A \ﬁ%ﬁkR Moh, S5 EGHREBED G MAGH S REGER, X MAZH 5
AERAFBRGSHRESFE G THEYGUESHE, A TABAZT L0 G IS B4 8 E B4 P g L B i £ Ao

3‘/&\7}%—;?755170" lﬁlﬁgu%ﬁk ¥BTRIMGEEXBA R, KA LMK RS %—%ﬂ&fﬁf“’tbﬁr%gﬁ%ﬂ'—

HrdER, B THEAN. 5RNFHNRABEE >IN FTEMR. X P T ERBRET I E, EAZAITH T % E
T,
XKEHR HMRESBEY,ABREE, S5 R AR
FEESES TP391 XERFRIRAS A DOI 10.11896/j. issn. 1002-137X. 2018. 11. 043

Multi-class Gaussian Mixture Model and Neighborhood Information Based

Gaussian Mixture Model for Image Segmentation

CHAI Wu-yi  YANG Feng YUAN Shao-feng HUANG Jing
(Guangdong Provincial Key Laborary of Medical Image Processing, School of Biomedical Engineering,

Southern Medical University, Guangzhou 510515, China)

Abstract Gaussian mixture model is one of the simple. effective and widely used tools in image segmentation. How-
ever, the fitting result is not accurate enough when the number of mixture components in the traditional Gaussian mix-
ture model is determined. In addition,because the spatial relationship between pixels is not considered,the segmentation
results are easily affected by noise,and the segmentation accuracy is not high. To remedy the defects of the traditional
Gaussian model, this paper proposed a multi-class Gaussian mixture model and a neighborhood information based
Gaussianmixture model for image segmentation. The multi-class Gaussian mixture model decomposes the traditional
mixture model. The traditional mixture model is composed of M different weighted distributions,and multi-class Gaussian
mixture model decomposes each of the M components into R different distributions, that is, the multi-class Gaussian
mixture model is composed of M different weighted distributions,and each of the M distributions is obtained by mixing
R different distributions,thus improving the fitting accuracy of the model. The neighborhood information based Gaussian
mixture model adds spatial information to the prior probability and posterior probability in the model, thus enhancing
the information association and antinoise capability among pixels. The segmentation results were evaluated by the inde-
xes of structural similarity, misclassification rate and peak signal-to-noise ratio. The experimental results show that
compared with the existing segmentation method of mixture model, the segmentation accuracy of the proposed method
in this paper is greatly improved.and the noise is effectively restrained.

Keywords Gaussian mixture model, Neighborhood information, Multi-class,Image segmentation

13 JRARE A AL AR T K AR O H BRI AR A S 2 R
R G3 FUORT BE RS 22 B P WA 5 22 00 & Fh AL B . 7E 2% A &

PG o AR Oy AR AL B b i) — S B EOR M ZEBR Y, R AP X R R AT A AR SR B, B AR A I 5 R 15 T (R 0 350 2
TERSE R AR T Z MR R R IR DA OG R PRR  T  RE RIR G LR AR R R T

i

Ff H I .2017-11-13 & #& H#.2018-02-21 ARICZEFEHRBFIETHE (61771233,61271155) % Bl ,

e H—(1992—) A4, F BT [0 4 AR AL B, E-mail : 1741647498 @ qq. com; #F  FE(1965—) , 2 #%2, T E W98 J7 1 R AL W) B 2415 5 Ab 3L
BB HLAE 5 3] L E-mail : yangf@ smu. edu. en GEEMEH ) s RBEE (1991 —) W+ 4, FEBFFE I 1 M HLEE % >, E-mail : 403568338 @ qq. com;
H OB 1981 ) AU, B S E Y E B RS, E-mail : brinker149@126. com,



511 3

ST — A T RME 23 B 22 53 2 g 0 iR 5 A 2R R B T AR B 5L 1 v ST TR 4 A 2R 273

15 ER 0 A 2 2r F05 = — A BoA PR s AT ST B, B A
EH UL T ER S B J7 5 8 Jy 1 E A 43 Wk 2K
I T 7 5 B AR 2380 7 2 0 3 T XS BRZ or ik

U4k B TRIELAY R 3 % Jr s B s 2 T AT
Mo XTIR AR Y B 5T B AT GE ] 19 R, 1894 4R,
Pearson R H T BA WA G B4 09 1= 07 TR A 458 00 X 50305 i
A I JHHE AL T X LA AT S8 1 X R T IR A
R R R EoE . BiE AT IR A A BT AR IR A & F
RA AN ER 5 JI T kB E 7T Mk R, B A
HIRL T 2R TIRGE I /30T, L5 0 = WR A8
4 (Gaussian Mixture Model, GMM) J& H i —Ffr , {H gy FiZ %
RUTE PR o3 ) T A 3O B AT 20 17, 0 TR IR R 2 1)
B9 23 (a5 B, S B 1 85 2 W S g B0k, B e HIR A
Rrimn. N oA e & W iR & 15180 b 52 W 75 52 i 1 (0] 480, SC
k6] 4 T — P A 1% & ¥ (Remodeling Gaussian Mixture
Model . R_GMND ) J5 i + BV B 48 k47 Bk . SCHR[ 6
SIAMRIEERET S Rk RIEF BRI HMBEBE) 2
] P2 ) G 2R LSRG LA S, S AER 8 &0 315 38 0N AR Y 4%
RAER PR R EW S AR R K5 xS R
To T R BT AL AT 20 A T LA M MR R . SCBRE7 4R Y
T — i B 75 5 3 [ F (Noise Smoothing Gaussian Mixture
Model, NS_GMM) {77 % » %5 15 J& 56 T 5 R B Ok B AL B 4L
Uy —FhARTE . SCHRL7 76 BEAL Y BE & R 40T 5] A0 7 T
W T Gy o 58 HAE g A 1~ 5 6 43 A %o B0 AL R 4
e A% G2 19 FE 56 43 A R EORT, DL SCREATL I iR B iR G G,
SCRHBER AR R R TIRGEB RS A 50 &1 B I0H
K5 5 B A 3 0 7 B 1 6748 B SXORE B % R B £k 1 T I
PR AT E B 5 & e AR Ay . sclk[10-12]48 1 T 25 i)
- TR A A 1Y 5 75 (Gaussian Mixture Model with
Spatial Smoothing,SS_ GMM) , Bl 1 & 57 1R & A5 Y (1) 55 46 4k
A A A P VR I 1 3 N 2 D 9 S 4 n A5 B 1 g Ik
P R 1 B RE B RIS ER T O R ER S ] R S
E S RS MOR L AUE R, R Z IR AR T VR A G 4 AR
B ELARAT s i) T MRS (E 2 M R ORI S B
AR R A A AR ON R AR Dy 4 R Y A3 BORG BE
TR, AR SO 5 SOk [13-14 JHp X TR A 4 580 22 & 49 119 JL
LRI T £ 50 208 A B9 J5 1 (Gaussian Mixture Model
of Multi-Class, MC_GMM) ; £ XF Mg 75 F 4%, A SO £2 0 2R
G BN B N SR e s i e SR
(19 7 RS B2 0 IR A 1) IoF AR SR R T A0 s R I 5 O TR
AR B )7 % (Gaussian Mixture Model with Neighborhood
Information, NI_GMM) . 7£ SCHK[ 10177 2k i L4k L L 8587 € X
DB T 1T TP AR ER WAL, % T TR TR A 0 R R R Y [
T4 R B P A

2 EKBWAHE

S A5 B AN A < 1 SRR A SO S R R R 0k (£
32T A LA B T AR S AR R T IR A LA HEAT 1
B SR U5 A R IT AN BT 53 TR 09 JLA 8 AR
2.1 BHESHEAER

o TR A A R R AR B LS B o« MRS R RN .

1@ =3 ! (T (D
p{x = Zumy —exp(— -
= v (27oi, 20}
/E;‘EF?ZT(/«::l?@:(ﬂ:I ey s Oh »""HM)’QM %%m(ﬁ:%*ﬁﬂ
k

HIBEEER On =y son) s » IR AR M A4 i 41 6%, 4%
ok WAL RECH

RS IR AR B M A S [R] B HE 2% 45 A7 AL A 8], A
SCHE SRR A R AR S MO A AL RR A AR A B M A
AN (0 2 50 7 A 5 SRR MO 2% 53 0 vh 1 B — AN 40T 4
KR MRS B — A2 R R AR R B9 AR 5 B U A
Horti, BAERRIT .

J R
PO =2V, 2 f.(2:16;,) (2)
j=1 r=1
X e T IR A BT E
= 1 _* 4(171“1-7)2
Sz 16 mexp( 2, ) (3)

s TJ.R ’0141 LA

H 0, = (uyroop) ZHE 0= (1,
O0r.0)V; RAIE TR ADFMNBEAINE .~ RRETH
A>T - A A T AL . P 1R X 20 SR I
fi i

p(”/,ﬁ | VJ’@)

X €8,
VMR E o RFRH C; HER p (V10 R TR C; g - A
WG B 2 € By HERN p(n; [V ,0)p(V; @)
B 1 ZorEER
Fig. 1 Mmulti-class framework
TEIX HL, O JIAE A B4 S O % 8 R KB 20, I EM
SEDSTRT DAL ST R0 250 © (9 AA , DT A5 30 8% 8B B A 11
BA T AEAEL KRR g — MER R R
i o, fo (2105,
pG | 2@ =" 4
j;lv,r;rr]_,fl (z;10;,)
B i o M Fe K S 96 v D) B R B B R o BT 2
I3l T 52 1 PR 43
2.2 ETHHEENEHESEE
AL TAEGIR G HR, 2 5 J0 IR G RIR R 5 T 4 0K B2
5253 JEIR 5 BRI B0 A 25 IBAR 2 18] 19 25 [8] G 3%, WX e 7
PR iU, BRS SLan P 2 s . B 2Ca) 5 A 2(b) [ Pt 44
Y950 W P R A B8 TR G R AL 2 S T BHR R O AR TR Y
Fe o AN IR T TR KT P A 43 B 45 SR 5, AR S AR )




274 B N N = R

2018 4F

4 25 1) 56 28 0] 3R A AR A LT kot

L s
m Bo
T K

(a) (b)

B2 W
Fig. 2 Noisy image

DX RSB R o, BN BER . B’ 2 b pr
AR FE AN [ 8 — 2 A0 i F 75 AR5, T ARG 5 R
BFEI AW, AL HEBG . IT 15 % S 2 BR R
SR, M B T W 7 A U R TR AR A — 2K

DKM p (x| OO RN ZS G B . KIS % S =R
TRABERL, B A TR B A 0 15 3 4 AR TR 09 2 1R SR, )
2C) PRy R E S 2(h) b R BES E R EEAEAR H
MIAR)E Tl —2% AR AEBA AR IE R X W& . A
6] 155 25 S BR AR BEAEL AL, T B R R 8 2 JH MR 2 W 29 3, AT
B B At R B AT R4y . BRSO R R

p(a @)= 2 p(x, 160 5
meN, Q;
DI
me ;
PO L 6
DID ISP
k=1 m€

o,z 02 EM B g iy ) 2 5, R

w
DY CTp(r &)
i

me N,
ZI(:%]+1) — 7

M ©

) m ;
2l 2 px, [0)
h=1 men, Qi

Hp N FoR 5§ MERIE0, FonH 1 MRRINWHE
AEEE i ADABRE =N — i}, o, RBEB R E.
Q SRR ) — L R AL

Q= 2 ., (8)

AR ICR 353 (1 B (B AR 45 3R R i as [l B4R [l
B2 AR R ) s ) P SR EEZ R R . E X w, T

w0, =8, ; XS, ; (9
Hor, S, 58 R ¢ MARIRARE j Z 18] 1425 8] #E B 4 OC,
P B AT, S, NS, Bon R E AR R
JRBERY ST K B M. S, , K, S, S, BRE X
mF.

2
ivj

S, ; =exp( )

2

205
(10)
—Nai—a; |I®
26°
H,d,, TR MGE] ZRWKKEE .« Al 59

FRRR R j WK 500 5 ABBE O K KRNA K 0,

S, i =exp(

=, RS ., - 7] N MXN—1 .
% BRI AR I BT X oy == M Al

N Jp 2 7n BEAR BT 11 AR 58, AS SCET R/ g 33X 3, I
MXN=9,%0,=2, o, BJBAESF LT PRSI -
1) %oF T MR 5 P8 2 IR S AR E 22 ovoiee » T 00 = A1 e »

Av R B AR SE B DR E S I A

DX T IR EMR v0, =Az0y 2he 2 F A AR YR I bR
DU IR T I o B 0 1R R A YR S AR 3K
(R IE2

75 1 30 X 0 M 7 A4 10 P 49 (AR A Pk e 1 10 Y 9 43 2
TR A SCTE I (BB AR I B 7 — A M S F . b
18 R IR PE AR 2 AR BUR 2R T B9 e R (B B/ IME I A B
L 8 R A (AR 5 5 DU AS o o O AR R B A B . SR IR
REAR 4 b 295 5 15 28 1] A 25 ] 5Q 2% A 28 A Mg 7, SLRE IR 4 A
QAN 4 v R RS B

BN MRS IR, T S AT A R RS TR IS AR SO
TR G AL RL 2, Se AT RIR T 2. JE 5 5 A DL
Siy EMIEHRR WK & BRI .

> S;x;

__JEN

ST S..

JEN;
Horb, Si (5 SCIR] I 25 18 1 4R KRB0 23 R AH RL I S, FK 22
ARAUAE S, 5 -
S.y XSy i
s,i,:{

an

a2
0, =i

Her,S, ;M S, ; iE XRR0),

PG 53 0 bk e 2 d5 KOS 96 . 70 T s 73R 5 A5
X EUSREATAR 1T 75 B B — MR R B9 SR SR AR5 AR e R
i B0 7 K B AR R BEAT 4 25 SE R R 1w 0 A L. R
43 F B G AT 8K 25 A5 — SR Bl IE B 43 G ST A, W7 Bk
FERE R K T S8k X 43 1 G AR Ak B D0 EUR 1
ELER,

2.3 HEIYREM

AR 3 Ff G b ol X S 46 45 SR R AT RE A - 45 R A 0L
(Structural Similarity Index, SSIM) . i% 43 # ( Misclassification
Error, MCR) F1 W { {5 " & (Peak Singal-to-Noise Ratio,
PSNR) ,

SERAA M R —Fh & 225 0 BUR R & PF A 48 A L B 4 S
MEBEE (X, Y) KT EHCBE (XL Y) G54 s(X,Y) 3 J7 1 5F B &
R AHRIME . SSIM {H B8R, 7R 43 FI EMER 5 5 B AR 4544
R AEARL L 43 BIROR M AT,

SSIM(X,Y)=1(X,Y) X c(X,Y) Xs(X.,Y) as
Hob L (XY, o XYM (XL Y BIE RN .

2ux py +C

l(X,Y):ﬁ
#x Ty G
‘ 2050y 1+C,
C(X’Y)70'7§(+O'§z+(:2 (140
] _ 20xY+C,
‘\(X’Y)iiaanJng

o, gy ey A IFR MG X REME Y K BE 4 (E 50, T
oy A FRREG X FER Y WK ETT 25 504 2R ER X A
B Y B KEB J7 225C1 ,Co s G NEELL B H L C, = (K, X
L), Co=(K, X L), Cs :%,EEP,KI =0.01,K,=0.03,
L=255,

BRI B RAE B HE 1R 5 FIEB 43 07 o5 0 L) 8 ST .



BO1H Sen— 55 TR B0 £ 53 28 v IR A AR RN L 1 A1 38 A5 B 1) v TR A A AR 275
MCR=1R G E B/ MR E BEK< 100 (15) WEE ] 4, X b A% g0 i W iR A R AL, RIR RN (R

M) AT LA i MCR /Y BUE 0 B [0, 1], HfR i
UNE 7SR Y o

W15 M LU P O L4 20 0 495 2R 0 MR B 0 A /N, G
(B MR, S 7 B 45 ST I R ) MR L LANTT

(2" —1)?
MSEx y

HAF MSEyy FZmE%G X MEBRY BKEH T RS n MR
IR EC, — BN 8. EIMR R IK B B 256,

3 XBWERSHN

AL SE 4 3R JLFRR 7 kol 4 L EMR R A 4R B4R
F1 5350, 0 O BAR 3 v 5 b 5k 1 43 B ACR < SR % A 4%
PG 3 S0 Jom B 55 T 7 00 7 07 TR 7, X W 1 AR AT
BG4y 8] Ba A Rk 3 T 48 A5 T A0 AR SO i 5 Hofh oy
T B GER  HoAl T A5 55 R A A AL (GMIMD |
BEIMZE 83 (R_GMMD ™ (B 75 [/ F 3k (NS_GMMD) T A1 25 [i]
SV 10 v BT IR A R R (SS_GMMD Y AR ey B £ 2
1o TR A AL (MC_GMMD F 3 T 48 3845 18 1% s 1 TR A A Al
(NLGMM) ¥, SEEG3E B, 48 3C 7 36 ] LLHCRS: B2 47 9 1644 43
FIGEE I AP RE S TR, I 7E Matlab 2014a V& L 5E
B, Hor iy 2L & 4% 58 53 Photoshop CS6 22 i, 19 4% & {5 B (1
Berkeley FUR bR ERE FEDS , Scq i B an& 3 FioR.,

PSNR=10log, ( ) (16)

| EmE rom waE | [kasese ] mesdl |

h ; i) !
ARER waaﬁaﬁ'ﬁmH%mmﬂ I

Bl 3 S i A A

Fig.3 Flowchart of experiment

TSR B MR S350 S 0 BE MR R R T M R L SRR 43
T PRI AS SC 7 1 A HG A 5 12k of W 7 63 A 2 0 4k B O LU A
OREICR . SCHREERANE 4 A S PR

o'

Ca) P HL 18|
(0OGMM 43#]  (HR_GMM 43|
EES e

o

() MC_GMM 45 ] 45 5t

(b) B 17 W 7 14

(DSS_GMM 4%l

(e)NS_GMM

(h)NI_GMM 4 #1145 4

P4 B A MR 43 5

Fig. 4 Segmentation results of simulation image with speckle noise

GMM) I HiLMERE 1 $2 THAR 2 (U5 3% B e 2 W 75 5 W 7 TR 17
P ONS_GMMD) X 75 B 410 11 5 ) Y 55 5 1 2 18] 57 8 09 5 7
TRARRLEN) (SS_GMM) A LT 3 Fh 77 25 . HU e 8 1 K iR 3
R, L — 2 50 R R] [ R AR AT A TR L B A () R AR SOk
T 2 2 Bk A B (MC_GMM) (1 % 4> #1485 7 A1 1L T
LR 4 FIRE A, A BRI I 2, 76 5 4 b R 45 161 14 58
J5E g HE Al LA A A T RHR A R TR B 4 (h) R A
FE T AR A5 B 00 T TR A BT (NT_GMMD i [ 44 3 F 45 3
WLLE S Z TR S E R AL AR Z B T,
AT AN I 4
1 AT EMEEIPAAEER ]

Table 1 Quantitative evaluation results 1 of each method

VS MM E  FEeF  FHRL/dB FLB /s
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NI_GMM 0.9927 0.0036  26.5838 948.1625
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Fig.5 Segmentation results of simulation image with Gaussian noise
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Table 2 Quantitative evaluation results 2 of each method

7 GHAEME  EeF  FEL/dB FE /s
GMM 0.9609 0.0903 19. 4833 54,1470

R_GMML6] 0. 9808 0.0267 22.6938 50. 5881
NS_GMML7] 0.9203 0.1438 15. 8770 199. 6496
SS_GMML10] 0. 9044 0. 0667 14,7479 579. 9389
MC_GMM 0.9132 0.0079 15. 0677 103. 5021
NI_GMM 0. 9875 0.0079 24,5144 1213. 8205
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Table 3 Quantitative evaluation results 3 of each method

VS G Ay AE LM FE /s
GMM 0.7853 70. 7731
NS_GMML7] 0.7782 134, 8953
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NI_GMM 0.8150 1097. 5767

MFE 3 T LB F], A 0 NILGMM B RUR & f lF i .

2 A JE IR G0 A3 BV BOR WP S5 R LLER 3 h Ay
200 SR R U B TR R T L TR R 4 TP 4 DT Bk A AL TR R 4R
O LG B HEAT L T AT B 36 4 iy A F AR, LA BG4 4%
T7 1 1 43 W RECR R M

A HITEIE IR 4

Table 4 Quantitative evaluation results 4 of each method
Uk s pE  EaEx  fFHi/dB FLEE /s
GMM 0. 7704 0.0788 10. 0097 65. 1437
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VS 24 M DL
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