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Multi-classification method applied to face recognition

based on mixed Gaussian distribution
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Abstract

Noise models often show the non-Gaussian characteristics in the actual face image, this non-Gaussian characteris-

tics had a thick tail phenomenon, the paper proposed a kind of face recognition method classification based on multivariate

Gaussian mixture distribution. This method combined multivariate mixed Gaussian distribution and kernel function and parame-

ter estimation of probability density function estimation and Bayesian theory, about face image containing heavy tail noise had

high recognition rate. Use standard ORL face library verification, the experimental results show its feasibility.

Key words:
theory

heavy-tailed noise ;

0 358

MR E B N T g R B 2B BT
ERERA IS M E G A M E RIS, EFR, A
I PRSI AR PR G EL AT R 1 1 B S IR (6 A R A B U
AR AT IZ NI TR Z — o X {1 A o AR
AR BHG A T AR S50 4R B . SR T AE SE BRI FH 2
NGBS 2 B SR RN A B MRS o S AR
BURSTHE — R R

—ABOLT e T?ﬁ”ﬁ;ﬁ Wkt s g
FERM e TREI 2 v, W e A A %%ir‘)utlﬂlfmﬂﬁfhﬁ Ap
R JBE A B R L R R, L I s 2R AR
TR % A E RS R E MRS . BT, AR By
O 2 N A — AR U s AR AR B
B BIEFS  BFFE AU B, X 0B FE A iR )
HARBEHFEEE L,

SRR, Z0iR G &M AR — &N ERRE,
BUAR SCREAZ SR S T DA B DL B 25 Al ok, 3R —
FEET ZI0IR A R B 2432070k i ad K i sL g ok
YSUFIZ T i 5 R PR BRI

Wi EHI: 2012-11-13; {€E B HI; 2012-12-23
(BK2012552)
TEEFE N2V 4(1986-) ,

B4, 0, l%ﬁﬁnz‘ﬁ/]/\l 7 AE L5 AR X AR A

multivariate mixed Gaussian distribution;

E&WAB: B aAMFL

parameter estimation; kernel function; Bayesian

1 EREBRE

H R A LR LR
a) & YT
B f(x) = (1 —a)fi (%) +aof, (x) FRATRA S
Hop fy o) Ky o~ Ny, 07) PIBERBE FE RS (x) 2 ~ N
(1 ,073) (R BERE2E FE PR, o g IRDBSISE, S H A B0 T, o HOHRL
EHAR/N, I HA 1y =p, Hooy <00
b) Laplace ($iL35 417 1 ) M /5

N f(x) =21Tl_eXp[ —%ﬂ}f/’fdﬂ Laplace M5, Hrp

xe( —o, +0),u N ,2070 A%,

) R B s
1 1
- 76Xp{ _7] >0 N b 15, =
Eanf(x) =4 m Iz RO AR RO,
0 x <0

OB L TR W
d) Erlang (12 /R B ) Mg A

b b-1

———ex x=0
Tt o) = | 1) P T e brtang i,
0 x <0
AR A (61272210) ;L5 4 A AF 2K A KA B

BT EEGEA,REFRAE, BRI @ AL 4854 X 4R 5] (yuan_shaofeng@ 126. com ) ; £+ F (1964- ),



%9 U E AT SRS

&

H

S0 >0,b JESERC IO o i

¢) Cauchy (fiT75) 7%
%mﬂw=i~——lr7}%ﬁamm@%oﬁ
mlL(x-x) +y

EP,xE ( — 0, +® ) » X j‘jﬁiﬁ%ﬁ,'y >0 i‘jﬁgﬁﬁo
2 ZLRARESHEE

ZICIR G E AT 2R d ERERLIE & x DIBEA & IO
d A ZI0m A xy LIBER (1 - &) IR TS — d fEZ o0 o
i 2, , B
(1)
Hodpooe, ~ Ny (w,3) 5, ~ Ny (u, 37) 3 F3 5350 Z o0 i
I 2y o, WP 22 (R0 22 50 e A O SR R e

ﬁ2'=yz<y>wa¢»wﬁwz'l=¢|2|x2'y*=%}
3 ORE T IS X 1 HER A AR

-172

X=gx; +(1 —g)x,

p(Xx) :g(zq_lrﬁexp[ —%(x_u)'l‘z fl(X_u)] +
-1/2
<1—e>('22w'7exp eI xew]| @)

WUEH, S e =1 B, X RAZICEB ;4 0<e <1
i, x IR ZTCIR & i A, OF H 29240 e BBV, y BUH
TR , X 70 A1 R B R AR G A B R

3 ETREHHERXREHEESE

3.1 BEH

B R BB AR R e g (- ) R PR R 4R
BAE WS B RRIE 25 (8], A5 RRAE 23 (8] A A7 A0 R 19 34, X REAE
—E TR R T S b A S

RO T R B 3 A 2R 0515, — > BRERE RS L %
PR, AT F2 Mercer 26 o X457 HOAE A REAS, JUA% o6
BOBIRIEAFAER S, I FLVE 430 A% R U 5E 10 4325 1) 6
FRRIER . A% R EUR R 24, TE S BRI Bl 3z 1 T A A e
LOREES SAVE IR R

a) AR ) 2% R K ( RBF A% R L)

k(x;,0;) =exp( = |la; —x; || 2/6%) (3)
H.o A RESH, o TEARKFRE EFWE RBF % 8800t
fit.

b) Z I A% R

K(x) = (( —x) +) (4)
Hope NHEHLd AP K e=0,d=1N, 20 R HUR
¢) Sigmoid 1% pR %Y
k(x; ,%;) = tanh(scale x (x; —x/-> - offset)
FHorfr:scale il offset 73312 RBE AL IS4
3.2 EEUHMERBEEY

TS AR L PR pR L D (- ) K IR BT RS R AE 4 1]

TEFFAEAS (] P, 20T A 30T 20 A FY 2 2 1L 5 8 E R CH

| -12

(5)

P@OOIC) =6 o]~ (900 —u) X7 (@0 )] +
13,1172 1 oo
<1—a>mexp[ ~5, (P00 —u)" 3 (@(x) -u)] (6)

N TSI St . 2869 -
Hodp N s [ 450,
é\
g (D) = (D00 —u)" 37 (D(x) —u) + WIS, (7)
L(D(X) = (B(x) —u) TS (B(X) —u,) +y I3, 1 (8)
= (7) (8) ALK (6) ATE Hy
1
P01 = Emen] -5 e(@00)] +
| -l (@(00)] (9)
(2my) V2Pl T2y

3.3 BHfEIT
AR WAL AT 13 B u, AT EHES 1Y
FkAr

w= I @) ] (10)
;=5 (11)
Si= N @) —u ] [0(x) —u,]" (12)

T2 (- ) WAy S (8] op AR U 7 250 MRS B iy
BRI 0 550 R K, S B ) R A2 S . B RLL R BATR
AR RS TR

3:(0,m) =(1-1)3,(0) +9 (13)
Hop:0(0<0<1) ,n(0<n<1) ;] HRAFEEE; p Rl ZRkEA
$;8=3",5,,%,(0)=(1-60)S, +6S,

3.4 #ZELH

FRPELRMEACE N AT 0, 3 J2 1E 8 W BRAE I, AT LA LA

TARBETR A
P :Ej;:\‘l/\,»ju,-,u,-/-T

trace(2,(6))
p

(14)

JEHA: 13,1 :jf[]/\l,
SEr A R, AR BIA U7 22 SRS MO (5 96 s 1 645G
mio

{1 H NIRRT S W B, LA S S,
A/ SN Z98% 97 A HCBR IR ™) 9 LS &+ 1
AHHE(FL b, RE55 k + 1 LSBT ATREE(E

B (7) (8) 7T 47

k .
£ (P(x) = 37 LU (@00 ) 1 +

N
2
=%

J +1

@00 ) 1 +In(h 7 TIA) =
i i=

N -
h%(j;[u,;@(x) —u) 1) -

i[ 1 —%][u;@(x) 1) +(h P EA)(15)
L(P(30) =5 L@ (0 ) 12 -
k h. o
_2[1——']£u;<¢<x> —m]Z]w1n<h,,-*“-"_nAij> (16)
j=1 /\ij Jj=1
/7.’\
m(D(0) = 5LUl(@(X) ) 1 (17)
T
m2i<¢<x>>=jizl[1—/\—j][u;<¢<x>—m>12 (18)

il

(D00 =5 Imy (D) =my (B(X)) | +



- 2870 - AR AR % 30 %
mChT LA 4 ERHRESR
L(@(0) =2 I (P(0) = ma (@) | + \ N
T K PR S AT RO P AR b 5 e 7 7
yIn( kA, (20)  FBVRBEAR 5K 7 vk v M4 3 B Y PR R 5 40763 4 , )
AP RIS o, 7T 7 AR B SO L 3 T 5 5T I 5 I 4 B 5 40 2K 0k
0y = T () = Uy, Gry  (MGMC) 3T BB 740 ) 2 527 (GMC) JEFT L4,
/ﬂ\:qj cys = (P ey U = (@ (), e, @ () UG UEA SO ik A 50
o) WSS (A ) — 2 AR v 2 4.1 ABEEEE
Mﬂﬁ/\ﬁ TR SRR A SR T ORL K B 7 43 B
m(@(0) = 2y U (@00 ) (D0 —) Uy, = AHEAFIH . ORL A Bl e 3 40 A A, 45 A A1 10 I [A]
v 1N PN 15,36 400 KSR, PR A M — VR G5 S IE PR, 55 T
DAzl L (L R G2 er e e e e (IR S P IR 55 5 5% A
o (B(3)) z{[IH A (R 5 R R ) 1A T — i 9 B A B TR e, 3
o7 g PRI 112 x 92 192, B 1 R T 34 AR
[ 7i ey Bk [ b=y D] 7] 23) K,
E38(22) (23) .
k= (k(x, ,x),k(xz,x),~~-,k(xN,x))T
by = (kg ymwp) k(g ,2) o k(g o6) ) T

HT A5 vy 2 S BRI S AR ) i A

uiTjEiué,=/\,-j (24)
I
y?UT{LZ;V:il[‘p(xj)_uiJ[‘p(x,)_ui]T}U)'ijz
1 N; 1 N; 1 N; T
W?( 5 ﬁl;ku)(hj—ﬁil;kx/) Yi=yiMy;=A;
AT,y R M AR i, Ho
1N M LY T
= = ] s -y

3.5 BRAREERNSE

H20(9) (19) (20) (22) (23) A] fe 20 1 2 1) SR A 32 2%
JERE p(D(X)1C))
B S7 2RI SR AR B B R p (@ (X) 1 C)) S, AT DL i3
gt
p(@(x)1C;)p(C;)

C.ld = ! 25
PG PO0) =5 (DX 1C)p(C) (23)

WnRA
P(C,10(0)) = max [p(C;10(x)) ] (26)

N xec,,
3.6 XLBSH

a) [ R A 23 31 4% AN ] e JBE ) o i 2 g
HA R SRR A

b) A TS R R B TG RS A R I A
B ARAIE 73 A1 S5 IR AR LU, A T RS f . RBF A% bR %K
YRy —Fob Jr i PEAZ R KL, REAR B Jo) B AR, b A o 1R A7 ~F- T
B IR AR SCR I RBF e %8

) IRIEVNLREA R A KL, 15 B 25 18] sp 2R P 7 22, F
MK B) XY AT

d) H130(9) (19) (20) (22) (23) i A B A AF AR
B p(P(X)1C) .

e) iR4E(25) (26) HEATIH

EEEL

K1 0RLﬂr$5H$2tAHﬁE%
] A G HR 2 S IS TR) 2 B B 0 B R I s 43351
R38N &G AR R M e R R R A |

4.2 IWHERSHH

5 PO A P R T M R B S W £ T TR e 0 A A
T W5 22 MU U RBF R0 S A 25 e vy 0.m 0 Y
{E, 1 s,

4 B SR
RBF #% %k I 15
3.(6,m) 6,n 0=0.1,7=0.03
LR A e,y £=5%x10"% y=5

SR R, BENLEE I ORL Brdla S 43261 2.3 4.5 1R 4]
BN VNGRAEAS XA T Y 8.7 6.5 A A REA . 52
A5 R 10 LRI, O B 10 IRERMTT 22

2 %A Cauchy MM SIELGA
KRR %

VIZRFEA R
2 3 4 5

WESH Rk

x,=0.01, GMC  83.50( £0.220) 91.21( £0.100) 92.67( +0.240) 94.00( 0.210)
y=0.002  MGMC 86.25( £0.180) 92.57( £0.069) 93.33( £0.150) 94.80( 0.170)
x,=0.1, GMC  86.94( £0.730) 90.71( £0.120) 92.92( =0.870) 94.50( £0.120)
y=0.01  MGMC 88.13( £0.320) 91.93( £0.110) 94.17( £0.140) 95.50( +0.100)
83.13( £0.320) 90.38( +0.023) 92.42( +0.170) 94.00( +0.020)

y=0.0025  MGMC 85.36( £0.280) 91.97( £0.064) 93.83( £0.120) 94.80( +0.045)

ISR A5 SR AL, B I SRR R, AR Rk 1Y
PUNRIA Pridm . EIIGREA DN BRI T T, 5 — o
BRI PUNBOR Y 2 TR . MGMC 5 GMC Al [, MGMC
AELFPIERMEARES . SR, MGMC J5 A7 20 1Y 20l

x,=0.15, GMC




% 9 ZVEE AT EARSGHOFN S 0 EARIRIN F ik - 2871 -
ARIEFE RS ey, L S4B R, H AT %

AL

B 5 TR RE R SR R A A R g o
%3 EA Edand FRBH RN

NI/ %

&RIE

ARSCHE T — PP T Z iR & w0 A 19 2 20 26 N JR0R

BI5k e IR, ZotR & R iR B T AR E AR

q ey iJ”éé‘;#&ﬁ M2, N N Y
L > 3 . 5 Mg, BA ERARE, R, 542 s 3R 2 1 S 8
2=0.1, GMC 83.06( £0.330) 90.71( +0.180) 92.42( £0.053) 95.60( +0.120) MOUVH-HHS A SE & o L0 2h R 1% REXT S A AR 1

b=3 MGMC  85.69( £0.190) 91.71( +0.110) 93.75( £0.047) 95.80( +0.130) S ; o SR 2 5 [ g
@=0.15, GMC  80.44( £0.930) 90.21( £0.050) 95.58( £0.050) 96.20( +0.052) ’ %{E%ﬂﬁﬁ% *Pﬁﬁ%mtﬁjjaa’ﬁi?‘%mfﬁg?f
b=7 MGMC  86.06( =0.450) 91.50( £0.022) 96.38( £0.052) 96.50( +0.050) BoMabE, SR, %R, IR E AR 2 TR & S U
a=0.12, GMC  83.37( +0.067) 90.07( +0.130) 93.50( £0.120) 95.60( £0.051) E’j%ﬁ ey ,[E E%Eﬁgﬂ}ﬁ%o
b=6 MGMC  85.38( +£0.087) 91.10( £0.098) 94.58( +0.100) 96.10( £0.051) ’
=  :
#4 A Laplace TR M SCI045 4 SEH:
NI [1] HE Kun,LUAN Xin-cheng, LI Chun-hua,et al. Gaussian noise remov-
I AR al of image on the local feature[ J]. Intelligent Information Technol-
WESE Sk 5 3 . 5 ogy Application,2008,3(1) :867-871.
w=0.1, GMC 83.50( +0.430) 89.86( £0.120) 94.33( £0.043) 96.10( %0.049) [2] E#H. HFBEBLALE[M]. b A3 H AL, 2009.
0=0.01  MGMC 87.19( £0.290) 92.21( +0.071) 95.42( +0.046) 96.70( +0.037) [3] #kmeds. L TAH A 5 g AR IR A ik [ D], vA /RIE b R 2
1=0.01, GMC  86.50( £0.520) 90.86( +0.038) 94.58( +£0.019) 95.90( +0.068) I—k'J' 2008
0=0.02  MGMC 87.13( £0.420) 92.50( 0.048) 95.92( £0.025) 97.00( £0.071) T :
©£=0.2,  GMC  83.13(£0.290) 90.07( £0.079) 92.58( £0.110) 95.50( £0.051) (4] JOHNST,CRISTIANINI N. Kernel methods for pattern analysis[ M].
0=0.03  MGMC 85.25( +0.120) 91.00( £0.059) 92.83( £0.110) 96.10( +0.051) UK: Cambridge University Press,2004.
TS5 A MR R MR SR 4 [5] #&%, rraeie, AY. sHiEA sk ad B Rak [ M]. Jb g A5 i
IR #,2002.
PIGRE AR [6] HER. A THFEG XML X ashs£[J]. i EFR,
.
WESH Wk ) 3 ] s 2011,34(2) :354-358.
o GMC  84.31( £0.300) 90.57( +0.150) 95.83( +0.045) 98.00( +0.001) [7] MOTAI' Y, YOSHIDA H. Principal composite kernel feature analysis
r= MGMC  85.25( +0.110) 92.14( £0.033) 96.33( £0.023) 98.30( +0.001) data-dependent kernel approach [ J ]. IEEE Trans on Knowledge
s GMC  80.12( £0.720) 89.00( 0.080) 94.12( +0.085) 95.90( +0.068) and Date Engineering,2012,25(8) :1-13
T o s s : .
MGMC  82.25( £0.350) 91.50( +0.130) 95.67( +0.078) 96.30( +0.071) [8] siikm, AU, ok, HABLHEAEITHEM]. L: 5
GMC  80.63( +£0.120) 92.71( £0.080) 94.10( +0.067) 96.40( +0.058 x > N
w=5 ( ) ( k ( : ( : FHF AL, 2004.
MGMC  82.87( £0.350) 93.29( +0.042) 95.10( £0.024) 96.80( +0.052) ) ) )
[9] XU Zeng-lin, HUANG Kai-zhu, ZHU Jian-ke, et al. A novel kernel-
RO FMisAf(x) ~N(0.1,0.002) f(x;) ~N(0.1,0.2) based maximum a posteriori classification method [ J]. Neural Net-
TRA W E R S 25 R works,2009,22(7) :977-987.
NI AR B/ % [10] Bak4k. TA2EFEMRI[M]. LT, HFHF Hm4t, 2007.
WS R VIZFEAK [11] TURK M, PENTLAND A. Eigenfaces for recognition[ J]. Journal of
2 3 4 3 Cognitive Neuroscience, 1993 ,3(1) ;71-86.
GMC  83.44( £0.710) 87.50( +£0.003) 93.75( £0.003) 96.00( +0.049
«=0.01 o ( ) ( ) ( ) ( ) [12] TAN Ke-ren, CHEN Song-can. Adaptively weighted sub-pattern PCA
MGMC 85.31( +£0.710) 89.29( £0.004) 94.58( +0.003) 96.50( £0.037) ) . .
oy OMC 85.62(£0.120) 89.64(£0.140) 94.25(£0.035) 95.90( £0.063) for face recognition[ J]. Neurocomputing,2005,64(3) :505-511.
“T0 MGMC 87.13(£0.150) 90.93( £0.067) 95.12( £0.053) 97.00( £0.051) [13] LUKIC A S, WERNICK M N, TEIKAS D G, et al. Bayesian kernel
o5 GMC  84.25( £0.110) 90.50( +0.067) 94.33( +0.120) 94.90( +0.037) methods for analysis of functional neuroimages[ J]. IEEE Trans on
MGMC  87.13( £0.120) 92.07( £0.027) 94.67( +0.130) 95.70( +0.054) Medical |mag|ng,2007 ,26( 12) .1613-1624.
(L35 2867 W) [9] KNISS J, KINDLMANN G, HANSEN C. Interactive volume rende-
[4] KINDLMANN G, DURKIN J W. Semi-automatic generation of trans- ring using multi-dimensional transfer functions and direct manipulation
fer functions for direct volume rendering[ C]//Proc of the 1998 TEEE widgets[ C]//Proc of the Conference on Visualization. [ S.1. ]: IEEE
Symposium on Volume Visualization. 1998. Computer Society, 2001.
[5] ROETTGER S, BAUER M, STAMMINGER M. Spatialized transfer [10] ENGEL K, HADWIGER M, KNISS J M, et al. Real-time volume
functions[ C]//Proc of IEEE/Eurographics Symposium on Visualiza- graphics [ J]. Journal of Computer-Aided Design & Computer
tion. 2005. Graphics,2007,19(3) : 329-333.
[6] TZENGF Y, LUM E B, MA K L. A novel interface for higher-di- [11] &4k, ABARLH AR DKGRIT[D]. B2 B8 FHK
mensional classification of volume data[ C]//Proc of the 14th IEEE X ,2009.
Visualization. [ s. 1. ] ; [EEE Computer Society, 2003. [12] LORENSEN W E, CLINE H E. Marching cubes:a high resolution 3D
[7] TZENG F Y, LUM E B, MA K L. An intelligent system approach to surface construction algorithm [ C]//Proc of the ACM SIGGRAPH
higher-dimensional classification of volume data[ J]. IEEE Trans on Computer Graphics. 1987.
Visualization and Computer Graphics, 2005,11(3) . 273-284. [13] YU M. A novel algorithm for tracking step-like edge surfaces within
8] WANG Lei,ZHAO Xin, KAUFMAN A. Modified dendrogram of high- 3D images[ J]. Journal of Computer Aided Design and Compu-
[ , g g g p g p
dimensional feature space for transfer function design [ J]. |EEE ter Graphics,2007,19(3) : 329.
Trans on Visualization and Computer Graphics,2010,18 (1) : [14] Tiz4a RAA, TA 4.3 g EG i Fw @) 4 K ik 32 R IR

121-131.

[J].+ B A% BEH$F4#k,2012,17(7) :806-812.



