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ABSTRACT

Image composition techniques are used to change an object’s background in the first
image with a new background image. Recent methods use alpha channel values to improve
blending quality between a foreground object and a new background. A method proposed by
Chaung used Bayesian’s theory for estimating alpha channel values, foreground and background
colors. The method models the colors of each pixel as composed of two parts. The first part is the
combining of foreground color and background color. The combining ratio is controlled by alpha
channel. The second part is camera noise. The quality of the image from this method depends on
the value of camera noise parameter. The drawback of this method is that the appropriate camera
noise varies form one image of another. Thus, it is difficult to choose the appropriate value. Thus,
in this thesis we presented a new digital matting technique that uses Bayesian’s theory for
estimating foreground color. In this research, the color of each pixel is modeled as composed of
foreground color and background color. The composition of foreground and background is
controlled by the alpha channel. The result from the experiment shows that the proposed method
give similar alpha channel vales to those obtained by Chuang’s method. The quality of image
when composited with a new natural background is not different from Chuang’s method.
However, the proposed method reduced the computational complexity to that of Chuang’s

method.
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Lﬁﬂﬂiﬂﬂ
Plu,,u,,a)=Pu,)P(,)P(x) (2.32)
S
Pl )= Plu fu, u,,a)P(u,)P(u,)P(a) 3

Plu,)



12

o o a S < U s s '
AMiuuIAAYITMINARAIvEIT IR AInudazau Ts uasmnse
o 1 = i a (4 === 3 ] ] u’: [ 1:;
A lAnnmsusauulndvesgadmaes Alianinailugegamniudaunsi 2.34)

uag (2.35)

arg max(P(uF,uB,a|u(.))=arg max (2.34)

Uy o0, Uy sty 0

Plu,)
arg max(P(u e3l, ,a|u(. ))= arg max(L(u(. luF ,ua,a)+ L, (u, )+ Lﬂ(uﬂ )+ L, (a)) (2.35)
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3.1.3 NQUHMITOUNIN (Image Compositing)
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3.1.4 msuanuasdnfnvuviarwaans (Multivariate Gaussian Distribution)
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3.1.5 1INIABS (Vector)
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3.1.7 mmmauauﬂasmw"lﬂmw (Bayesian Information Criteria)
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i(C ): log - —[i(x, —p,)rﬂ" (x, -p )J+log ich (3.10)
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3.2 Ismsminammainguazanullsauems (Alpha)
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uazﬁauﬁtﬁﬂmﬂﬂﬁ%uﬁuﬁuwﬁﬂqﬁumnﬁﬁd (Unknown) Tagiidiunimmuausiim
vosTaguaznInnds wnanguianioiadmans (Clusten) Mouonnguiiiinulndifeediu
Teglunquifuanu nmfuhnsmIA IRy (Mean) ttazinusals 91 (Covariance) 109
uaaznqud vz ldaumsmsusnuanuuinAvesnmingiuninndsdadums 3.17) uag

(3.18)

P.(u,)=N,(u,,n,,Z,) (3.17)
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argmax P(u_,u, ,c)=arg max(PB[u”—l_-—"[uF,a]PF (u,)P (a)) (3.21)
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Probability plot for Normal distribution
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Probability plot for Normal distribution
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ABSTRACT

Statisfical-based digiral maning of natural backgyound is
canzidered n this pepar Performance of rhe oviginal
Bayezian-bared matting metiod has been cnidied It is
shown ihat the performance depends on the algorithn
initial condition ax well as a neize variance paramerer.
Two intiialization methods hove been considered. The
Jirst one obrain: initial valie from Ruzen's maxtmum
likelihood methad. while the second one emplovs rhe
cenrers of foreground and background eoler clusters as
the iniricl value Both meihods were found fo offer
improved performance. In addition, eptintum choice of
the neizé variance was found io vary from ona image ro
another. An alternanve formulation of a Bayesian-based
digital maring technigue which does nor conain the
noise varignce parameter is descvibed. It was fourd 1o
yield vesults comparable 1o the original merkod for most
of the tes: case:.

1. INTRODUCTION

Digital matung is a techmique to extract foreground
objects from the image of mixed foreground-backgronnd
objects. The problem can be descnbed by referning to the
foilewing basic composition equation:

ue, =auy —(l-au, (n

where U- . Uy and u; refer to the composite
foreground. and background images respectvely. From
the above equation. the composite image 15 chiained a5 2
combination of the foreground and background images,
weighted by a bleading factor & |, koown also as the
algha value. The value of O ranges fiom 0 to 1. With
kmown fereground and background. the blending factor
can be eastly calenlated. This requirement is practically
achieved by using a background of known color, which 15
also quite different from foreground color. For example.
2 so-called blue screen tachmique uses a blue-color
background and avords the foreground with biue coler, 1o
meet such requuirement. For a picture taken outdoor.
however, such studio-setting solution can not be applied.

Recently. methods have beea developed to perform
digital matting with arbitrary natuwal background. These
melude methods such as Kaockent [1]. Ruzon and
Tomasi [2]. Bayesian Matnng [3]. Hillman [4]. Poisson
watting [3] and Shengvou [6]. These methods requure thar
the trimap (see Figure 1}, which 15 a segmentation
mformation used to separate an mnage mtc foreground,
backgrcond. and boundary regions. 15 given (e.g. by a
user). before cermain staustical methods can be applied to
esnmate & . Uy . andperhaps Uy also.

While the maximum likelthcod method in [2] is
optmal for estmating & . 15 estmation of Wy s
suboptimal. The problem is addressed in [3]. where a
Bayesian framewocrk is applied 1o give a jomnt alpha and
foregronnd-backgronnd  estimator.  Although  this
Bayesian-based method provides an optmal solution to
the estimation of & and Uy | it depends on a user-
supplied color noise variance parameter. In addition, as
later shown. the pesformance of the iterative version of
the method depends greatly on the choice of this
paraneter, as well as on how good the initialization 1s.

In this paper. the performance of the method in [3] is
studsed. It is shown that the method can perform badly if
the noise vanance parameter is not carefully chosen. In
additicn, the optimal noise vaniance parameter is shown
to be image dependent. lmprovement to the method is
suggested. Two initialization methods are considered.
and then shown to cffer performance mmprovement In
addinen. an alerpative formulanon of the original
Bayesian-based method. which does not depend on this
user-supplied notse vanance parameter. 1s described.

This paper is orgagized as follows: In Part 2 the
original Bayesian-based digital manmg method [3] is
reviewed. Nexl performance study of the method 15
described.  In Part 4, rwo mumalizaticn methods are
proposed. Alse, an alternative formulation of the
Bayesian-based method is detailed. Conclusicn is
provided i Part 5.

Figure 1. Trimap is used to segment the image 1ato three
differens regions.
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2. REVIEW OF THE BAYESIAN-BASED
DIGITAL MATTING TECHNIQUE

The Bavesian matting method [3] performs the estimation
of all three unknown parameters 1 Eq. (1) iteratrvely
Fust, given the ininal guess on the alpha valve. the
estimates of the foregronnd and backgrouad colors are
obtamed by solving the follown:g linear equaten.

I,a(l- a)/sé Iu,—j{

I} +Ld-af fol Tu,

'L +La'fa}
‘_l;a(l—a}/aé

-1
=3 Liny +afo; }“t L@
Lyl 2 { =

Ry *“1"")/5(} ug |
where Up. Ug, and W, are 3x1 vectors of the
foreground, background. and boundary-pixel colors,
respectrvely Here, I3 refers to the 3x 3 sdectity matnx
In additien. Z; and I; are the covanance matrices of
the foreground and background color distributions,
respectively. From the came equation. Jip is the
foreground colcr mean. M 15 the background color

mean, The term O is the noise vanance. In [3]. this 15

the vaniapce parameter of a camera noise. However, we
note that even if the camera used to take a picture 15
ncise-free. this tenm must sull be included m the equation
50 that the steration can be progressed

Based on the so-cbiained estimates of Wy and Uy, a

new estimate of & 13 oblained from
a = {ps—p) we—p s -l ®
The method then iterates between the above two
equaticns. tc get the better estimates of these three
unkmown parameters.

3. PERFORMANCE STUDY

To study the performance of the method, let's define
RMSE by

L m n = =i
R.MSEV=\[-;;Z(H,V_,,L!-,—u,,a’,,)' 6]
Bl

Here. RMSE.y 15 the root mean square emor of the
eshimate of a weighted foreground color. The true and
estimated weighted foreground colors, as denoted by
Uy, &, and W ,d, respectively, are obtained by
multiplying the true (estimated) foreground coler with the
true (esnmated) alpba value at each pixel 4. The average
15 performed over n pixels lecated wn the boundary
region. Some of the test images nsed in the experiments
are shown wm Figure 2. Nore all method use one cluster
for foreground and background

Performance of the method was studied 10 investigate the
effect of the initial alpha value and the choiwce of the

camera neise 0, . The results are described next.

<)

Figure 2. a) foreground :mage. b) alpha channel, ¢}
background image. d) the blended image.

3.1.  Effect of the camera noise variance ( O’: )

First, the effect of the camera ncise vanance to the
performance of the Bayesian-based method described m
the previous section 1s considered. Experiment was
camied out using the initial alpha value of 0.3. The nose
parnmeter (standard deviation, 0, ) was vaned from 0.3
to 10. The experunent was repeated using three different
backgrounds. The resulung RMSE. plotted against the
noise parameter. is shown i Figure 3.

[n

L TS

Figure 3, The weighted foreground estrmation error at
different values of the noise parameter. for three different
background

From the figure, nonce dependence of the
performance for all images on the choice of O, . In
addition, 1t should be noted also that the best value of
T, . e the one that yields the Jowest RMSE,, differs
from one background to another.
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3.2.  Effect of the initial alpha value (& )

The sensitivity of the method to the nztal alpha value 15
next comsidered. The Bayesian matting method was
performed for three different mitial alpha values. Each of
them differed from the true alpha value by 0.05 and 0.5

The resuits are shown in Figures 4. From the figure. it 15
seen that the optunum choice of the noise paramater
depends on how clese the imitial aipha value 13 to the
actual value.

T
Mo

iree}

T'

ar

Figure 4. RMSE,pat two different imstialization error
values

+. PERFORMANCE IMPROVEMENT

This section will describe methods to improve the
performance of the Bayesian matting technique.

4.1.  Initialization methods

Twe methods that provide the initial alpha value are
considered. First, the maxanum hkelibood method [2] for
estimanng the alpha value 13 considered. In [2]. cue
dimensional search is performed to estimate the alpha
value. Here, fo reduce computat 1 requ t, the
coarse search with a step of 0.1 1s performed mstead of a
fine search as suggested in [2). The second methed for
providing a better initial alpha value is the use of the

foreground and background means, iy and pig. to

compute a . Here, we suggest that the initial vatue of @
should be obtamned from the following equanen Eq (3)
Experiment was performed using three different
mitialization methods. The first method uses the imtial
alpha value of 0.5. The second method uses the estimate
of & as cbtained fom the maximum hkelikood
method. The thud method obtams the mstial value from
Eq. (3). The result is shown in Figure 5. From the figure,
the methods initialized by Eq (3) and the maxumum
likelihood estimate slightly mmproved the perfoermance.
Nite. however, that the methed initinlized by Eg. (3) was
found to exhibit relatively insemsinivity to the choice of

T, . as compared with the case where & was first
initialized to 0.5.

v 2 [ 3 B 7 E
Haskrpeand magw numke

Figure 5. Weighted foreground errors using three
matialization metheds, with different background images

4.2, A noise-free formulation of the Bayesian
matting method

In the cngmal Bayesian method. O, needs to be

supplied. To avoid the need to choose an appropnate
value of the noise parameter. here a noise-free
formulation of the Bayesian method 1s described for the
smgle cluster case. Extensicn to the nmitiple cluster case
18 straightforward. The method is based on a Bavesan-
based maximum a posteniont (MAP) estimator. The MAP

¥ T
estimater for ‘Pé{a ug ] is estimated from

‘i-’ = 2rgmax p, (3
PeHy
TP
P = pgrﬁ]p; nple,la) ©®

where %, is a ser of all feasible sclutions. pz s a

Gausuian distribution function of background. pr is a

Gaussian destiibunon fonctson of foreground. p, s

assumed 1o be umformly distrsbuted and can be omutted.
An iterative algorhm to solve Eq. {3) is explaned
below.

13 An tutial value ap 15 first cbtaned by Eq. (3).

1) Given & ;- where j 15 the iteration number (2 1), the

estimate of Uz 15 given by
0]

¢ ‘llx} %)
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In addition. the estimate of the backzround color can be
obtamed from

lisj = "**“{_—*{l.l( ‘d’i'ﬁ; i'; %
a-d,) oE

3) From the estimate U Fj- compute the direcnon

Vector
v, o= (“C_‘_‘F‘J)/E“f_"‘?;'l (11

Then, given l.lg_‘,-. a new estimate of & 15 obtaned

from
Gy = (0, J',--l)"’llfl,-~.5|| an
Q. S0, -0, +(F,, -5 v, 13
vy S U, wﬁ,_‘ =8.v; (14)

B, =argmaxp;(iy . + 5 v,) (19
s

S, =argmax pr(li, JFOv) (16)
&

Step 2 1s then repeated with j = = 1 to get the aew
estimates of fereground and backgrouad colors. That
completes one iteration cf the algerithm. The next
teration 15 performed by repeating Step 3 and Step 2
uatil these estimate values are converge. All of estimates
are converged, then loop of iteraticn are stopped. For the
case where a Gaussian mixture model 15 applied to model
foregreund and background distnbutions. the final
estmates of @ aad Uy . are obtained by repeatng the
above algonthm for each muxme par and. from all
cand:date solunons, choose the one which maximizes the
following log likelihood funcnea

of Be —0U,
Lipy B

}_n;(n,_. D=L, ,)=Leu,,) (17
1-a

where the simplified log-likelhcod functions of the
foreground and background colors are defined as

Liug }=—(uy, -np)E7 (up, —pp)i2 (18)
Liuy,)=—(uy, —ps) T3y, —ng)/2 19

Experiment was performed to compare the oniginal
Bayesian method with this alterative formulation. The
foreground image of Figue 2a) was blended with
differeat background wmmages. The resulting blended
unages were used for the esumation of & and Uy . The
resulting averaged error 15 shown m Figure 6. From the

figure, at low emor level performance of the new
formulation 15 comparable 1o the best result (using
optimal noise vanance) of the onginal method. At
comparatively high error level. however, the proposed
method vielded pocrer performance.

atr T g, niaet
N !
|

Fh

B
N TN P . A
-
»

Figure 6. Performance of the cngmal Bayesian matting
techuique using imtialized by maximum likelihood, and
the noise-free mattmg method.

5. CONCLUSIONS

In this paper. performance of the Bayesian-based digital
matting technique has been smdied It has been shown
that its performance depends on the choice of the initial
alpha value, as well as the notse variance parameter. Two
witialization methods have been described. In addition. a
noise-free formulation of the Bayesian method bas been
provided. The aew formulation cffers performance
comparable to the onginal method using the optimal
noise variance parameter.
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