X HAERSHESHRE

=1E3
M IAZCADXCGREE ACINE



B& & 5RE

B 15 43818 1 2%
B UG P O R
1 X 38 o 1 R

?E@%‘Téc?%@ﬂﬁﬁ
R FCER AN IE B3 —
AT IR IR E,
DLSE I B S 1A ik o




" A
RIEN A

%‘mﬂ
SR A,
® tﬁ/bﬂ?%ﬁﬁmiﬁ,

AR B AR EIHIA

® GrabCut;

® Lazy Snapping;
= RART

® Ul {%

® Closed Form Matting;

Y. BT IREA

X

%)

. T IRE S I IRAE

X7



o —. EHRE SR

%%ﬁﬂﬁiﬂmﬁM$ f ﬁ(f
Soamea) Mt sy, K—
BV o i 9 T B AT R % T R
W ES M) eI,

TR s R (SGM) FIR &
=AY (GMM) PP,

Illnl




" N

BT

TR (SGM)

E2 2ol N P i) i P TR o AR
PDFy:

1 ]
N(xu,2)= exp|- Y (-1)' 2 (x-u)]

\ 27| 2]

%EfﬁﬁﬁW@a

use i A e

Z%@@ﬁﬁo



"

FESEFRN A, uilE AR E R E
SIEH AT 2 R

R 7 FIWr— e E S B T-2RK9C. [&
HNEAEREA B S uflE, HExERA (D)
o HBEER KT — o BUE R BA TN X E
TCZL.




" N

MIMTLI# HLE i o AT T AE 48
A (A NAZI AT A IR, 72 =2k 0] L
UL AR ER o

] <2
ﬁ\L

A R TR A 1 DL



" N
RANE S (GMM)
AR Z ki, & T [F— A IREAR A

AT CARIE AT R . BRI T E RS
PR A

0.5 0.5

(a) ()
RGN ER, @QFRIAHEARE: 0)Fxr LMl TR AR 77K



X (b)E s iE o, 1RBHE., e sty
JETVERR R . N T RIS R, AAT3EH T
TR AR (GMM) , iR Y, miaddEa]
PLEAE A& MBS = oA H AR B HE SR Y

GMM (Gaussian Mixture Model) , =i
BAEEREMY (BERAESIEL) , WrflfFEE N
MOG (Mixture of Gaussian) -



"

GMMA AR 2N LNGSMA A
HokET, B[
1\-'
Pr(x)= Z T N5, 2y) oo (2)
k=1

HA W EE— NI AN U Z) A EIX ML ] — P component;
K Z3 ey, fA3&RcomponentM44;
T e BUE 224



"

A GMM H K 4~ Gaussian 734K,
/™~ Gaussian #xA—4 “Component”, iX
£ Component Lt pere — ke Htd i
GMM [-RE R 3 B BRI AL

I

MK K, GMMAT LA K
FRORE =R B 70 A

AT S AL

(&



-10

-15

-20

-25,

KA R T AR T R A5 A —
HLHIMER 2 J L AR S 4R

e
2]y
2

-25

(-




GMMJE—Fik ALk, 43 co
AR, B ATREA A,
CrHREAER) MR, 1

mponentif & —
ARITEFEA 732K
R R A 2

(77, URTZ ) ----IXEHR0] DL

TEMBLIZRK AR




"

HHANATFRER LR BREATER 22K
TilEe:

Stepl:FENLIEEFEK N componentH i —
A (R R T

Step2: AN LTI component,

FIEr 25 Jm T XARA, tnEAE TN [E
Flstepl.




'_
FEASREHBEN FHGMM

YRR B R HE, GMMBISHEER
e, BEEFHAMaximum Likelihood. i
FEAREAN, B TKNEEAT =7 2
N{,No,...,N. BT HEKN BRI ARES ZLK),




.....



" S
AR RARMFIL FTHIGMM

ANDESE & RN TEA 0 APr(x;8), Al
IR P —HSH0, B4 RX e R s
TN, XM 2

ﬁPr(x )
=]

PR NIA R 2T (Lilelihood Function)




"

I AN SRR DN, &R 5 A
SHUN, BoiERE S N, Frbl—
WAL AT H, A2 Rl

N
Z logPr(x;:0)

=1

#r Nlog-likelihood function (% ZlsR e85



GMMHJlog-likelihood function /2

i=|

ﬁgi/l\*izlg)(,ﬁﬁ)

e AL

K

N
Z log{ ZJZ';\ N1, 2))  eeeees (6)

=1

& Bz e N RIER . 27

FA Tl Bk B FERIR IS L, (6 15(6) 0P

ANIEIES N
MK o

“HHHH;

BB 17

I



"
EM (Expectation Maximum )% 3K f#
EMELR A ) ) /i — O 2 A
x|

0" = arg max H Z Pr(X =z;,Y = y;0)

j=1yey

YR g A s,



"

EMELARIREA B : BYlwantt —4HZ200),
RYE MR Pr(Y | X; 0)REHYFIHAEE(Y),
PR JE FHECY )R YR 2200, ity
IS E RO TFE.

TR BTG S B EY L A1, HR A SR A
¥ EH R FHMaximum Likelihoodst LA T .




"
E-Step

E/¢Expectation =&, w2 it 25 2 A
‘faﬁ??ﬁé"/‘}E%Z/\”UﬂXZl,zz, A, JREZ

SNz, 25, . TR . TEGMM A B A SR AP 2
%/l\ component’E & FIHER .

y(@.K)y=a,-Pr(z x; mp2) e (7)

R BIRANEZI 5 S pr i e bl 17— PUE
Aray ERRENGE EH%ZTE'E FRRESillF M
R, AEGMMAE R 2




y(1,k)=

aNx . |u,2,)

>
. N
o j (x; lu’.i ’Zi )



" JEE
M-Step

15 KL

Mift & Maximization) = &, i

R ER HREISH

AERATN N F— R B vk 52 “HdE
six FHcomponent KAERGIIMER” o RIEA
(3),(4),(5) T LUtE -

tord







— BRBREEN S B R AL B

LRBEREENLE R

WARHIUE, HIRBERBENE ARSI, F— A0
AR HPIRES RS ZHPIRESH R AR, 15 LART

FPRZS I R A&, I

AT %.

ORAPIRE B E T ILL

eS10]




YL JRBHRE AR

WAL X, neT | AXHERIEESN e TAHERH]
i, 0,000 e | SRR AR 2

PIXa =t [ Xo =1 - X =1} =P{X 1 =1, [ X, =1}
AKX, neT N E/REHRIERE, NSRRI St RErE
SE4 FH AR R P TR 8




LRBERBENLE AR R 73R

1% IS HERFURZS 237 79 B Y 5% -

m [ (A RDIRAS AR A2 B ) SR BRI AR . AR
AYEPN-:T

m AL, IRZS A SR BRI RE . W E ARy

AN ESH IR BRI AR

m [N (A ADRES AR R FESE ) B /R BRI 2

m NI ER IRASEELA SRR R AR




LR BEREENL

IR RBEN LI B )
m L RBHR M
m AL

CH

Bl



I IR B R R

S IRBERE B a2 — D BENLAZ = e A1l (] 55 Ja
X B IRAEFF IR, BN+ LIEF 20 A ek, 5N
i 21| LR HBE AR 2 B BUE 652 .

FERACRITANN T BRI € KRR I/RA] R
1y, HEEFUEFERA MRS R RSN S ER DY
%mﬁfﬁiLM%% ﬁ%w%&w%uwm%

m&ﬁ%? B WAL eIk AR 5 B G, B
e L Eﬁ/J\ﬂ?%El’J




" S
FEHL

A5 R E T2 I8 SR 43 A [ ATLIG 3 AH 2 8] Y
*Afﬁzﬁ, HAep Mgkl KT A

. [/ E (site) , tH#%%H (phase space) A
T ﬁﬁ$$¢im7ﬁTT/\ L. “NNE” e —mEAK
s “AHZEE]” U LR MR SR ERR . FRATTR] L
za ANE I HAT EANFE )RR, XELL LS Rl 1
B “NE”, WS EEARPME. Bril,
i s, BN L2 E R R I B R A FE R I 1



http://www.hudong.com/wiki/%E7%9B%B8%E7%A9%BA%E9%97%B4

LRBEREENL

FERILIT LR, AR AT AR Bt B A R B A
%‘éﬂ’l'ﬁ QBT LA FERR RN R, 5
Hg 17 W E R B FRRTE R, AR X 2 il B el )
RIS G, BhR AT /KA RBERLY)




L RBEREENL

SEBRIRA

*%%Axﬂ%ﬁﬁﬂlﬁ RAFHIgR 1 BEALI AR 2%
PR R 51 2 T —A> )

T AE 4=

18] R

WEFHRR X

&, HALLRREE N —

— RN IS IARAE 4R SRR RRIALI, JLBHT

W RS A R R R, —4EMRF )™

T PRSI R I

‘

&

- THT X A% 45 A4 [R] A

45 2K 2[R ) 2

STAJAH IR



A e X

wS={@, j)|1<i<M,1<
RIBEA LI A &

i

j < NYRRMNA B A TR AR

A={1,2,---LYFEIRZEZNR], BIFENLI A =3 A

X={x, | s e SYFEE XL

EVs e SA I FENLY

X NEFENLIZX B, RS D RVAR BRIRAS YL AL =

Hix, € A



f

aa
R

SEEGEE

m B RESERBRIINLA ;

n XIS, Al PLRRMG ZERIE

BRa /NG RN R B

AV e IR = O WIIE S
m LRIR BB I BN AS A X 35

=

HI%CH -




WMARG

Wo={0o(s)|s e S} E XAES FRIBHANE R G,
L R AN R

(1)o(s) = S

(2)s ¢ o(9)

(QVs,reS,seo(r) <= reod(s)

NI Er € S(S)MRIESHIRE A, S(S)PRVESHIRE s 4

pli



T BB ARSEE T B

ERIGAERI R, W] DR 5 e 1 B0 5 N —Ff
SINERI RS, LW

oM (s)={r|d(s,r) <n,r=s} AN RGN,
d(e)FR/nib E KA, AH TS, WX,
FHCA P B S PR

SN > 0,7 B HEES™ (5) < 5V (s)







TH

SH

705 HARR S H A 1 5

i

A AR RBIESR, ES E B BRAMMRITE

= C C S%d\jj_‘/\j:

CE]/J/E< =an C%%T

Zi




" N

rale s B2 S I R E N 1]

T

(a) —FR2BsR R G R1

] |

-

T O

& -

- —

-

(b) —Pir <RI ARG T

J

- .
L-{,.* [ =



L )R BRFENL

WONS ERIRNIE ARG, A RENIAX={X,,s € SHH £ I 5% AF:
1) P{X=x}>0,vx c A

(2) P{X=X | X, =X.,r #s,Vr € o(s)}

=P{X. =X, | X, =X.,Vred(s)}

NIFRX N LS9 <8 2 G By /R B BEA L

A RN R B R BEN L7 B J5 R



PR G ONIMRFE & X AT msHH A% s &
FEALAR Ex HUE RIS, FEALIALERS mishb FTHUE R %
W5 S sHI AR S E 5%,

EEGH, P(o)Rantr5igl 5=,
P(e|e)ZK AR R Gibr T B R EAE H 5% &




ERTRBY, —DFOthKEEN S LR
G T R ICHIK AR I, DAl Al LA B 7ROk}

FRBEN I KA U T &

i, AR e XAES B E
REENLI I — 4~ SE

B, MAMRL 5 R

BRI AT E B R B




MRF5Gibbs 44 14 5% &

Gibbs 7 A XK fEMRFF

Thn 5 7 5e S MR AR 5 3 1) R38R 3 0% R AES
SN PR MER €, 20tH 42804 Hammersley-
Clifford45 ) 1 Gibbs/ i EMRFII L £, M

H LR AT

/I



S € XNAES
={x;,s € S}

CHRB IR AR 4

H A BEHL

HﬁHﬂéA*ﬂiiﬁ?ﬁEﬁﬁuFﬁfﬁ

PX =x) = (1/Z)exp{-U(x)}
NIFR X A AL .



'_
TS 54

b 2 L7 X — 2B, B Sk —H .
U(x) = -Zm) oA RE B R AL
ceC
V, (x0) A0 5 T o % BT A 54 19 7 B35 5 5
7 = z e~V FRONBEA R KL, N B 3L

pLu




Gibbs/r i 5MRFRIZEANT 6 A4F: —NFENLI 2

PNE

FRI ARG HIMRE, 2 HAX XA 72

R

~A I R A IGibbs A, RN :

EXP |:_(ZVC (Xs | X ))i|
P(X | X.,T € 5(s)) = — ceC
Z eXp|:_(ZVc (Xs | X )):|

Xs=1




P 7 SRMRF AR R 0 A 1 HE &R, A5 5 MR BT
FEAL R AR BNV e (X) T 7L, [# Gibbs 43 i 5 Bt &
PR ST | F R R, M 5 AR R O (s)MRF 11—

/I EE B HLRR M




" JdE
T MR BRI

Fe T S RBERBENLIZ AR 1 R 70 B S ABose A 20 1 R
IR A S HIPIAN R R, SEEIHIER AT K
iz R BATRE E E T EER R R Se S 45 1 (5 2

HARE e X Jm SR AE] (MAP) 43 R A J%:%?IEH
g5 pfE B B E R




X

& BB
X={x, i ¢ SHE E% 5 B 5!
X =12, LEF A E LA K,

B

-1 43 € HFIM*NH]ERY
FERE—TMERY,, T H

Z N\

J&i X N HIRRIC X,

IR PR 537,

LIRS A BE B 3.

Y={y.,i e SHE UM ) a7,

2l

X

~

BRI 2K 375

35204 30 ] R T DA A



y.e¥ > X =1.

2 | =target2

1 i =targetl

X. e X,1e{l,2,---M *N}

L | =targetL

AR DU ST U], Fe DS o S T Ay -

X = argmax p(X |Y) =arg max

X X

p(Y | X)p(X)

p(Y)



T —lEg e B, YEu, Frllp(Y) N 4L,

i E AT rargmax p(Y | X) p(X)

i MRF 5 Gibbs /A B ZE 01 /] 0

M*N H exp(_zvc (Xi)j
p<X>:H p(X) = —

=1 Zexp( YV, (x)j
V()2 A x I Bl R, CRITA

HTRENLIAX2EMRE, EA IEM R Markov i .

i




V.(x)=4 " 0 S aeis 2R




RFp(Y | X))@k R R, ARV BUR R L,
HBE A AT AR I BRI M) o0 AT T e %

FEX B BAMER B BB 12 AL & BB R 2 ML R 70 A7

1, p(YVX) R s A, B

p (Y=y|X=x) Hp(Y V.| X =x)= H o exp| —

(Y, -u,)?




Hh 28, Mo, 70l Fm XIS E AR EZ, AT LA
MR HAE MR 2 5
M _E TR 2 (x) Mp (Y| X) EI’Jfr As Nt

SRAF RSB 2 R X




" SN
MRF B8 7 1 B <58 1=

m LA ot BY

m FER LV, (X) BE X

m RIMERp(X) BB E (BB T #D
m S IE B R o A

m SR A P S EIAL T

m | B AR H




Il)&

HBOEIRENX

X

X

A IAT I 5T AT B

(object) o K@“ﬁ

TR

H 5

bd

(L SN

I ANATAEAEXT R

b3

%

HOR:

L A, TS B F RN

F e AR 9 T ZET RN

Z

X 32k, SR RO Y]



X REE
Trimap T -

Bl 45 — IR

1%!9’]%’?’3Ijtd\ijn, KRS

2=(20, 2,00 2y) o BIBRIER DB R 0 FIFHER R

HN—A “AiE
{EX T 4)

AHo B E
WK S EH

HEE” ERIFEA. JE% 0<a <1,

VI, @, =08 , OfRFISRIMLRFEN .

A K

& AT HT SN TS 5K KT AT R

23

Chistograms of grey values):

—{h(z;a), 0 =0,1}



—_— a

3%
1

éj\

N

XN B, — DR N T R
FH N I Trimap X
IR BT B K X

jh(z a)=1)o

HIE SR IE%

HMEHE a .

H

KIEE T AT H

X 3 1,7, _EIARIE TR IRTT

7E

XA IR RSN ST

MRz A 0 HED



KIEERER R/ MR 7 #]
S A /MEDR LA 1 53 8

EN—PEEERIE,

THIF AT SR EITE

I e S BRI AR T

I ]

(Gibbs)” HeEHIE:

\

AN IE

Eﬁ}_‘_‘T\ELJ\ E]/J

XFED

13— A

E(a,0,2) =U(a,0,2)+V (2, 7)



BT U At 7 ANE Eﬂﬂf"fﬁaﬁﬂ%%ﬁ% LT &
R, e BT 0, MU A E SN :

U(a,8,2)=) ~logh(z,;a,)

ST (smoothness term) BEME 4 5 Rl -

V(g,2)=y Y dis(m,n)'[a, #a,lexp- Az, - 2,)’

(m,n)eC



AT T T T 2 — R
GIARFEAR 2t dis() 4l

’ CT\EL%—‘
1HEE T
ER

% (8iEim

2

H N0, 1HIF8 7~ 28 BREL
BRSO INE:

XA e R AR HE W e A AR BUAR B /KT X 3

_l:7

Lﬁf 8 KA

3

iE H

ﬁ)%%ﬁﬁﬂm H AR o

A AERR )



" S
A

g 2= p VU8 A i AE WA R RB I AL, FK
NG =p BJ\RBE. £ FEH, EriEp K5 (x,y)
Ak, P HI8 A~ A T}EED EI’J/\”BijZ 5 )\ SR
PG 2= A RR N N ) . DUAR3ES 2Rl .

x-1,y-1) | (x ,y - 1) x+ 1,y—- 1)

(x - 1,v) | (x , v ) (x + 1 ,v)

x-1,y+1) | (x,y + 1) (x+ 1,v+ 1)




trm e f=0 I 2 E A =t Je (Ising prior)
AL, R By R, s ibiE

Hl T H o
AL AR B O BN

p=((Gn-20))

() Ron— BB R




HUERLE X VB e iR, R R i —
EE AN ALTE

— argmin E(a, 0)

I =PRI B MU CUt R IR A
SR BT 15 5 B ) 24

AR

”\“
d4im
Sl

7> O

|



" S
—.GrabCut

GrabCut 5 &

GrabCut 2 BT T e ) — AN PR, T2 ]
e BB .

ZEAAA T BB EE (Fit) (558
e (x) 55, RZEDENH Bk
VE B AT A5 21 bL A 1 70 B 45




" SN
GrabCut 5HAh FEHE

Magic Wand Intelligent Scissors GrabCut

Regions Bondary Regions & Boundary



H

oCutif 7] LL5E Al R 4

1P R A EAE H bR i

1)

- e
/ o ; .
‘ : 2
A

—ME, 2 H SR ELF

2] .




" N
(2) RBIMASM 722 H CEH P R E — 2B =R
BT HEREEFD , IBARCRHM =TI

Automatic

>
Segmentation

User

Interaction

Automatic
-

Segmentation




'_
(3) HBorder Matting$i R 28 H F5 7)- E 14 7 580
EPAY RS

Knockout 2 Bayes Matte GrabCut

J




GrabCut#t T-graph cutssE#i

n 1. 5 EE &R GMM(Gaussian Mixture Model)
REKEETTE, B A BT & BR

m 2. 7£Graph Cuts™ H AT — IR s /MU 73 EE 11
;;I;Ftﬁﬁﬁﬂé%iﬁiﬁ FRTIER . ATEEIEA AR
Jﬁ H s

m X[ T Trimap, P A FRMEATEEFL,




)

yz==!

BIERE 2 ERGBEUE

T2 e 1

HE K =5,

(SRS EIN=Wag &

63

JEANTTAT I,

SRS GMMs., &/1NGMME K N F
component) K /7% (full-covariance) = #ry

(ERS GRSy

A K

- (

iR &



NEGF AN LG MM, ZEDE A HE ZE H 5| 33— Z A1

A Bk ={k,,...k,,...ky} , L H kel K}o X REREAS
%2, 18E —MERKIGMMALY:, XNGMMA
HRIR T 5 s ECE B s, a6 N o, =0

2B E a =1,




HAE, T BRI S A irge | e Al RN

E(a.k,0,7) =U(a,k,0,2)+V(a, 7)

HAHAKH TGMMAS = K, HREEGGMMEEE,
HAET U AR RN

U(a k, 8,2)=> D(e,.k,.0,z,



" J
AL
D(«,,k,,0,2,)=—log p(z, | &, K, 8)—log =(c,,K,)
P() B— A iR AT
() RRENERY (FETEE ;

KA
D(«., k 6?,2):—Iogﬂ(an,kn)+%logdet2(an,kn)

n!' " ‘n! = n

+%[Zn _lu(an ’ kn)]TZ(an , kn )_1[Zn —ILI(Oln, kn)]



T IS RN
0 ={x(r,k), (., k), Y (@, k), @ =0,Lk =1...K}

u.uu

BT, 2 KA VR S AR T 2 A ) AL
2. X A FNTHT S 70 AT o

7T, YA p AT

g I EAR A

(m,n)eC




" A
GrabCuti# 17154 K15 43

1. 47464k

1Y,

=)

o MBI RIEHt T, M1 Trimap T o IS EN
T. =3EFE; RET, =T ,CHE =IXE-

o X T NeT,Wlliiba, =0 %t T ne T, ¥ a, =1.

o HRMATFEITEAH NG o, =0M a, =1 X NMAT4A
(e




" A
2 ERE/ME

(1 >n791%%?i"é‘ﬁﬁﬁﬁ/w SHATIGMMALNE X+
T, g,

k. _argmlnD(an, ,0,2)

n

(2) M ;ﬂ%waﬁ,ﬁﬁ/% SR GMMS %

0'=argminU(a,k, 0,7)



(3) it Hs/ D eutK .

min min E(a,k, 8, 2)
{a,inelyy K

(4) BHELE (L, HIE

(5) NHiBZBE.




3.H P4t

o fufE: WE K o, =00 mHER) BEq, =1
(AT S ERD , AN EFTrimap T o $47T LT
128 (3) —k.

o BREFNE: EIFMHIT BB G NMUFIE.



"
R AR EER

Magic Wand Intelligent Scissors Graph Cuts LazySnapping GrabCut
(198?) Mortensen and Boykov and Li et al. (2004) Rother et al.
Barrett (1995) Jolly (2001) (2004)



" JJ
/4. Lazy Snapping
Ti N

HbR: T = 0 3 A 5

o B—10: i/ B ik FE
- AELEMHPZH
— fEsegment level [ *JMincut

o BF U G BE
— TEpixel level I #] Mincut

|




Pk (HIs) A3

o PRI 7 F1 s AN

o fEAA]

o fEpixel

Hb =

H 3

R L e i el
evel I

]graph cut algorithm K fi#



Graph Cuts B8

o 5/METEATRTRER T FE
— E1(xi): (X301 Likelihood Energy
— E2(xi,xj): (LI Prior Energy

e Xi: 77 il label
—{0: &2%, 1: A3}



Likelihood Energy

Filzi=1)= 0

El(ﬂ?;’: 1) — 0

ds

Er(zi=1) =555

o PRUEDT 5 B a2 B

o Xflabel A€ Hpixel
— d" mEmEarEs

— dP mwmmenms

Fi(z;=0) = o0 Vi eF
E4 (:‘L‘i: ) — 0 Vi €8
b .
E(x; = U) d:’CJr a8 Vi cld
Jcolour similarity i x£ H-energy.




"
Prior Energy

EZ(X[,,)CJ{): Xi _xj‘ ' g(ij)
ng: |C(3) _C(])Hz

1
£)=——
g() e+ 1

o 17 B T T
IR AHLL pixel G AH{LL I colourfd, MMEHBK
o WEREEn#EAAN, WAEEE




"
4y7KIRE: ( Watershed Algorithm)

Q. R " e (a)
N I\ LS —a-
? i m o) kg = Al =i Y
; 0 N \ = g
o ] FO ‘ \ T3 oo A Q Q@ (b
| el \
o | A —1
/I \ 1 -"/ '.o
/ \ - { ’ '/ /,’ ( )
{ el om oo ‘
T o

o 4 KU B B AT 9050
» graph cut 7Esegment levelifii JEpixel level 34T

o R segment ] —pixel FIEEENER A
segments




" S
W%5E (Boundary Editing )




» Likelihood energy #1585 — 5> £ AH [A]

N

s HZ WAL BAFE N L) R 55 T Prior energy




Results




" N

» Lazy Snapping %% {2 Photoshop T.H (
Magnetic Lasso ) []20%:;

o JrE{L 2RI [A] &= Magnetic Lasso [#]60%:.







" A
H..Bayesian Matting

Bayesian Matting ( DIFFHXIED 2R H S THAT st
B R oAkt Halphalt){E . Bayesian
Matting 75 %= B F 7 $2 4t ﬁﬁtrlmap, H A 5
v ATSOMR A X IR =37 o WRIEM EEAR S
ﬁﬁajﬂ%’ﬁn.XﬂzEﬂt/\@%%xﬁm@alphaaﬁ/ﬁo




REUEAE

AR ER T E N pixel HHE Y st 5 ar =it

2118 H Sk it unknown X 3 R L)

(EFEE

ORI FE SRR REAS (5 f - S8 43 4 G T

B a, DM HHEZR T, @B MAPAL T IR

~Jﬁmme%ﬁT ﬁﬁﬁﬁ FEE AT
THE N pixel Xt W ) 4

N
He

1A F

e N K



Bayesian matting ML= ) A 5% fEMatting [ il , K
AGERATRF, B 5BMNalphald & fa MR 040, X1
"—F ﬁﬁi@?%’?C MG KRR P(F, B,a|C) , 1R
MRS MR AL g

P(F,B,a,C)=P(F,B,a|C)P(C)=P(C|F,B,a)P(F,B,a)

R FEYLAS =F, Bfalpha/r fidlsr, T2 FEXAD
H—0 5 i

P(C|F,B,a)P(F,B,a)= P(C|F,B,a)P(F)P(B)P(x)



sEEZ BT, IS 3Z N L Bayesiang R

P(F,B,a|C)=

b 3O i % TV 2,

)5 AT

P(C|F,B,a)P(F)P(B)P(a)

LR

A

[ik:::

P(C)

gi0n]
A 7] 2 A]

B (MAP) YT 2T R AR

PLIE I
PLiE I

T RBEAKAE
THRA G5



" I
Bayesian Matting fISERERERY

Bayesian

VLR T — NMESE D) B XA T K AE,
@DM*ﬂxﬁﬁaﬂXWZWM%ﬁ H 451
NIZFCRETHERE, THAEI R RE 2 HEE




TREGT 11 SN AU A D, R
S SRORE B 11 5 2 N 7 2 0 X R 2 A 5
AT 2 A

=

X RN 5 DT IR T IRAS LR DU

LR Yualphafd, BIH SORFEIEAZEHRER R ERE
Py

2 KFE U2 H bR R TR R — A = 0 AR s




"

A HIAUEYE R N
ifg’m
p o, =a’g, (BIRKHE
Q— P(C)
o P(B) o, ‘--*(l-a)zg, (%ﬁ%#)
)"

)

B



" A
Bayesian HEZE

KPR SRR C, H AR —Fh B 6 70 A7 M B K
AR AT BAER 0 I #2406 T B Log fBAZR BRI KUK & N

arg max P(F,B,a|C)
are glgx P(C|F,B,a) P(F) P(B) P(a) | P(C)

arg glg)(iL(C |F,B,a)+ L(F)+ L(B) + L(a)

EFRALE) FRIRLoglUR R HL, L(0) = log P(), XA H ]
ALY 2R TR IR FLAL N IINA .




L 1] R % A A AT 5 S Log fbhok B 4K
L(C|F.B.0), L(F). L(B) F1 L{a) , L5 — T AR 52

OC IR RZE,  THI

BEE.C 5 TN
N:

(A R

L(C|F,B,a)=-|C-aF —-(1-a)B]|’ /8]

FRERT N MENCT=aF+(1-a)B, it
Z2 Noc B R TR I A B IR 2 BR AL



A ER S BB R, ML) BT T As T 1R
AT FT 7R RIS SRR DLW M IBUE S, b RAHEIEAT

KR, WE—DERE, "HE B INSEME FRIAh 5 £
FFESE




W = Zz'eN Wi

HIT 55 APAPR BR S L(F) AT AR N — A w7 0 A

L(F) = —(F-F) Lz'(F-F)/2



" J

Bayesian Matting>REi
TEFAL A TS B M Log il 2R B BB NG
Bayesian matting /5 V2R SR 7] 80 9 P A ¥ 1] il it
(I
R —0, fixalphalE h— 152, 708 TFHIB
RS, HASHMENO, 530

Sz + Io? ok Ia(l —a)/o?. F
Io(1—a)/o2 I3 +I(1-a)?/o? B

_ Zilf%— Ca/o?
Y5 B+C(l—a)/o% |’



Horp T 52 —A>3*3W AL AR, FATIEL R AE—
6*6 Y 2 7 R 2H 45 21 de (R U A TH L FAIB

5700, BRFABe . MMt 2okTalphalt]
TWITRE, Pk TFalphaks, S HAENO0, 153

(C - B)-(F - B)
|F — BI|?




.%%@WLL&E%ﬁ

, HIGHE

jj}? ]
— A

o YNHZ

===
M =E

IR SE— 2D A

ITEERE
— RIEAHal

%ii,ﬁﬁm
IR S T 3 — N

D

K,

St

nafl, ZJaEHE

1 2

.7V Jt

3 H’Jalpha/EEl’J—’i’MEf’E

:7

155

mﬁmi%ﬂ%/
ELREEAS

a7 A R — %5 B

N

dbv = Bx
H 52Kk

RITAICMRIB,  foJr AR U5 Jm S M3 AB R /N R iE

E N &

25 R —

ZHL ik o



indup

HONRIUAUTIG

ansoduioy



AFITTIET

Composite

Alpha Matte

Composite

Alpha Matte

INoYo0U ISBWO], puB UozZny yoroidde ueisoleg



'_— _
75.Closed Form Matting

B (Matting)&B&




"
—

Matting 23\

l; =a;F +(1-;)B,




Matting YE7E ?










|, =a;F +(1-«;)B,
J L

Matting &l posed W& 7 MRuE, {H
NI

—

FMpixefH 3




ZHi BRI I 5 4%

o <[0,1]

o =1,

trimap :

*Bayesian Matting (Chuang et al, CVPRO01)
*Poisson Matting (Sun et al SIGGRAPH 04)
‘Random Walk (Grady et al 05)

el PR E S

‘Wang&Cohen ICCV05




" A
T Trimap F¥EFAER] A3
“IERFIKAME FB Ml
o 75 ELHERA A trimap

Input Scribbles Bayesian matting Good matting from
from scribbles scribbles

(Replotted from Wang&Cohen)



" S
Scribbles 5 ( wang&Cohen ICCV05)

| =a.F + (1 —;)B,

EHKME FB A &
SRRIEE W R Z R IFRE AL




"
Closed Form

I, =, +(A—«;)B,

JENTIHRR FB, DUZIRAMIRE o;
“AIERIEHRIE R
LRI EETI




" A
Plfa2e (Color Lines)

Color Line: {Ci = R3‘Ci = .C, —|—(1—,Bi)C2}

C
(Omer&Werman 04)



Color Line: {Ci = R?"Ci = [B.C, + (1—,Bi)C2}

ot

0.8

06 f'
o
'J

0.4

0.2




"

Color Line: {Ci = R?"Ci = [B.C, + (1—,Bi)C2}




" N

Color Line: {Ci = F\’?"Ci = [B.C, + (1—,Bi)C2}

ot

0.6

0.4




R#EColor LinesH 3| e LA

R

/R

R &

IIHESJ:, Uﬁ

-

b, B R RB MG EBiI%EfEcolor

o, =a"R +a’; +a’B +b View

= 20 1

I iR F Y 5B e Mmatting costig kg



51 ¢ -matte

?E







(@)=Y d(a,. Span{z . ,B,1})
wel + & - smoothness(«)



THEEH
B =F 5 5B REHELE color lines k&
J(a)=> d(a,,SpaR ., ,B 1)
wel
—a' La

XE, L j) 2GR R R
LG D) o Y (€= ) B+ ) M (C - i)




" S
N e ERBOKR

PN
E&+ AFRXE

a=argmina' La

st. o, =0, I e’
ce. =1, 1 e@

- = )

LG ) o X i~ (G = )T (B +43) *(Cy - )



Given:

If:

s/ MEART IR DL 5 5
SEHE

| = F +(1—«a )B’

*F*, F locally on color lines

*

Constraints consistent with &

Then:

(04

x>

—argmina' La

st. o, =0, I e’

c; =1, 1 e@




Matting 1 Spectral 53-#
Spectral 43 ﬁﬂﬁ ‘

AL

= /NI




Input image Matting Global-o
Eigenvectors Eigenvectors



" S
Matting &3
..




" S
E LR

1A 20 F ek, i TR S AR T
http://v.163.com/movie/2008/1/L/3/IM6SGF
6VB4 M6SGKK6L3.html

2.4 HL R
http://en.wikipedia.org/wiki/Mixture _model#
Gaussian_mixture_model

3.Alpha Matting Evaluation Website
http://www.alphamatting.com/



http://v.163.com/movie/2008/1/L/3/M6SGF6VB4_M6SGKK6L3.html
http://v.163.com/movie/2008/1/L/3/M6SGF6VB4_M6SGKK6L3.html
http://en.wikipedia.org/wiki/Mixture_model
http://en.wikipedia.org/wiki/Mixture_model
http://www.alphamatting.com/

P>

Output

Segmentation

Input

RGB Image




" S
FCN:Fully Convolutional Networks
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Figure 1. Fully convolutional networks can efficiently learn to
make dense predictions for per-pixel tasks like semantic segmen-
tation.

Fully Convolutional Networks for Semantic Segmentation
Jonathan Long, Evan Shelhamer, Trevor Darrell, CVPR 2015
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Figure 2. Transforming fully connected layers into convolution
layers enables a classification net to output a heatmap. Adding

layers and a spatial loss (as in Figure 1) produces an efficient ma-
chine for end-to-end dense learning.
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(a) Input Image (b) Feature Map (¢) Pyramid Pooling Module (d) Final Prediction

Figure 3. Overview of our proposed PSPNet. Given an input image (a), we first use CNN to get the feature map of the last convolutional
layer (b), then a pyramid parsing module is applied to harvest different sub-region representations, followed by upsampling and concatena-
tion layers to form the final feature representation, which carries both local and global context information in (¢). Finally, the representation
is fed into a convolution layer to get the final per-pixel prediction (d).
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Pyramid Scene Parsing Network,
Hengshuang Zhao, Jianping Shi, Xiaojuan Qi, Xiaogang Wang, Jiaya Jia, CVPR 2017
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Automatic Portrait Segmentation for Image Stylization,
Xiaoyong Shen Aaron Hertzmann Jiaya Jia Sylvain Paris Brian Price Eli Shechtman lan Sachs



" N

PortraitFCN+

Face Detector

»‘\Q'o
@
(a) Input (b) Portrait ® (¢) Output
:' ‘: :' S Channcls laput 2 Ontpurs 3
: > ¢ § SN <\
E 1 : : ‘ Lo
: : - PFooling Convalution
E (d) Caneslidl Pis (C’ Mean Mask and E E Pooling Comvulution Keld
' o 2 Normalized x and y {1 RGB+Meaw Mask  Cuavolution  RelU Deconvolation Mask
: 3 : ENormalized s and v



iTRERIR ST
M= & mzz m,M )

ﬁ?tA%@ﬁ%Wﬂw'Mé

W H AR,

#0, 1

LmE— "M

%&.&ﬁFﬁR@%

L‘/E{——

R E N,

JIX T 3

AT

AR M

%, HMIE

| BB BT
R R T

75 MK 3

m

B



'_
PortraitFCN+ELERISEH 5

L 2 ’/.r "

o

- g‘-
.afi, !

i I Jiﬁﬁﬂ%@ﬁﬁi_i_x\

" g\ yﬂl JEAR B TE M P 2%

N e ARG E T A
* Hox ] B ) X 38

Figure 5: Some example portrait images with different variations
in our dataset.
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Figure 3. Our network consists of two stages, an encoder-decoder stage (Sec. 4.1) and a refinement stage (Sec. 4.2)
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