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Abstract: Natural image matting is an essential technique for image processing that enables various 1
applications, such as image synthesis, video editing, and target tracking. However, the existing image 2
matting methods may fail to produce satisfactory results when computing resources are limited. s
Sampling-based methods can reduce the dimensionality of the decision space and therefore reduce 4
computational resources by employing different sampling strategies. While these approaches reduce s
computational consumption, they may miss an optimal pixel pair when the number of available 6
high-quality pixel pairs is limited. To address this shortcoming, we propose a novel multi-criterion 7
sampling strategy that avoids missing high-quality pixel pairs by incorporating multi-range pixel =
pair sampling and high-quality samples selection method. This strategy is employed to developa
multi-criterion matting algorithm via Gaussian process, which searches for the optimal pixel pair by 1o
using the Gaussian process fitting model instead of solving the original pixel pair objective function. 11
Experimental results demonstrate that our proposed algorithm outperforms other methods even 12
with 1% computing resources, and achieves alpha matte results comparable to those yielded by the 13
state-of-the-art optimization algorithms. 14

Keywords: computing resources; Gaussian process fitting model; multi-criterion sampling strategy; 1s
high-quality pixel pairs; alpha matte 16

0. Introduction 17

Image matting is a crucial image processing technique with extensive applications 1s
in image synthesis [1,2], video editing [3,4], live broadcasting [5], and film special effects 1o
[6,7]. In image matting, alpha mattes can accurately extract foreground objects and merge =0
with new backgrounds to render new scenes [34]. The concept of the alpha matte was first =
proposed by Thomas in 1984 [8], whereby an alpha matte estimation model was constructed 22
by introducing the alpha channel. Mathematically, the color value I, including RGB, ofa 25
pixel p can be linearly represented by the foreground color F, and the background color B, 2
in the original image, as shown in Equation (1): 25

Ip = apFp+ (1 —ap)By 1)

where «, is the alpha matte of the foreground object at pixel p, and &, € [0,1]. Specifi- 2
cally, ), takes 1 when p belongs to the foreground, it is assigned the value of 0 when p 2
belongs to the background, and is assigned a specific value in the range (0,1) when pis  2s
a semi-transparent pixel of which the color is a mixture of a foreground pixel coloranda  2¢
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background pixel color. As both F, and B, are three-dimensional unknown vectors and 3o
ap is an unknown scalar, Equation (1) is an ill-defined problem. In order to accurately =
determine the value of #, Rhemann et al. [9] introduced a trimap, which divides the image 2
into three non-overlapping regions, denotes as known foreground, known background s
and unknown regions, to impose additional constraints on the image matting problem, s
as shown in Figure 1 (where F is the foreground region with a« = 1, B is the background s
region with « = 0, and U is the unknown region with « in the range (0, 1)). 36

F

e

(a) Input image N (b) Trimap (c) Constraint regions

Figure 1. Image and trimap

Pixel pair optimization-based matting method is a class of competitive image matting a7
approaches that offer significant advantages in terms of parallelization [10]. These methods s
are particularly effective in processing error-marked trimap [11] or foreground that is spa- 3¢
tially disconnected [12-14]. Essentially, the natural image matting problem is transformed 4o
into a pixel pair optimization problem as shown in Equation (2). a

minf(xp)
s.t.xp = (xf,xP)T ()

pel;xfeF P eB

where f(x,) is the pixel pair evaluation function of unknown pixel p, U, F and B are the 4
pixel sets of unknown, known foreground and known background regions, respectively; s
xp is the pixel pair decision vector of pixel p; and xf and xP represent pixels in the known
foreground and background regions, respectively. Once the foreground and background s
colors are obtained by solving the pixel pair optimization problem, the alpha value of the 4

pixel p can be estimated via the following expression: a7
. p—By)(Fy— Bp)
&y = P p p < P (3)
15 = By
where || H2 denotes the Euclidean norm of vector . as

The pixel pair optimization-based matting methods can be further divided into 4
sampling-based methods and evolutionary-optimization-based matting methods. Sampling- so
based methods [17,18] to evaluate the alpha value of the unknown region by collecting s
the known foreground and background pixels as candidate samples, which narrows the s
search range through different sampling strategies. Such as, Liang et al. [32] proposed a  ss
surrogate model based on natural image matting, which effectively reduces the compu- s
tational resource consumption, by building on top of random sampling. However, this s
approach also faces the issue of potential loss of optimal pixel pair due to the random  se
sampling strategy. The main drawback of these sampling-based methods stems from the 7
significant likelihood of high-quality pixel pairs loss, resulting in unsatisfactory alpha se
mattes. To avoid this issue, He et al. [19] proposed a global sampling method that employs  se
all pixel pairs as candidate samples to avoid the missing of high-quality pixel pairs. How- o
ever, this approach also results in increased computational resource consumption. Then &
the evolutionary-optimization-based [35,36] methods are proposed, which can effectively e
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mitigate the drawback of high-quality pixel pairs loss in sampling-based methods and
improve the quality of alpha mattes. For instance, Liang et al. [15] used the evolutionary e
algorithm instead of the pixel pair sampling process proposed a multiobjective evolution- s
ary algorithm based on multi-criteria decomposition. This algorithm utilizes all available s
computing resources by adjusting the number of iterations of the evolutionary algorithm, e
and theoretically eliminates the risk of missing real samples. On the other hand, to address s
the problem of computing resource consumption, Liang et al. [16] developed a multi-scale oo
evolutionary pixel pair optimization framework which transforms the large-scale pixel-pair 7o
optimization problem into multiple sub-optimization problems of different scales by using 7
image pyramid. Although evolutionary-optimization-based methods utilizing various evo- 7
lutionary algorithms have improved the accuracy of alpha matte, it may require thousands 7
of iterations to find the optimal solution. Limited computing resources may restrict the s
applicability of this method and also compromise the quality of alpha mattes. In sum- 7
mary, neither the sampling-based method nor the existing evolutionary optimization-based 7
method can provide satisfactory alpha mattes under limited computing resources. In image 7~
matting tasks, there is less discussion on matting under limited computing resources. 78

These limitations have motivated the present study, as a part of which we designed 7
a multi-criterion sampling strategy (MCSS) to ensure that high-quality pixel pairs are o
sampled. Furthermore, to reduce the consumption of computing resources, multi-criterion e
matting algorithm via Gaussian process (GP-MCMatting) is proposed, which can providea
satisfactory alpha matte even when computing resources are limited. The contributions of s
the work presented in this paper are threefold: 84

*  The problem of missing high-quality pixel pairs is alleviated by combining different s
features in a MCSS. 8
*  Departing from the approaches adopted in traditional matting methods which rely e~
on one evaluation function only, we combine multiple evaluation functions to com- s
prehensively evaluate pixel pairs in order to select those that are of high quality, thus =
avoiding the limitation of a single evaluation function. %
e To ensure that the matting problem can be solved even with limited computing o
resources, we adopt a new perspective and propose a novel GP-MCMatting algorithm, o2
whereby we employ Gaussian process fitting model (GPFM) instead of objective o3
function to search for the optimal pixel pair. With this algorithm, we can achieve o
effective and accurate matting even with just 1% of the computing resources. 95

Next, a description of the algorithm proposed in this article will be presented. The e
article consists of three sections: Section 1 covers related work, Section 2 outlines the prob- o7
lem description, and Section 3 introduces the GP-MCMatting algorithm, which includes s
the MCSS in Section 3.1 and the Gaussian process fitting model in Section 3.2. The related oo
work in this field will be presented first. 100

1. Related Work 101

Recently, the field of image matting has experienced significant advancements, as 102
reflected by numerous publications that can be broadly categorized into those related to  10s
sampling-based methods and evolutionary-optimization-based methods, respectively. In 104
the brief literature review provided below, we will focus on the work most closely related 105
to this article. 106

Sampling-based methods: Sampling-based methods take the sample pixel pairs of the 1o
known regions as the candidate sample, and select the optimal foreground-background ios
pixel pair through the evaluation function to solve the alpha matte. For example, to 100
avoid the loss of real samples, Feng et al. [20] clustered foreground /background regions 1o
and selected representative pixels in each class as candidate samples. Inspired by image 11
inpainting, Tang et al. [18] combined sampling with deep learning methods, and used 112
the image inpainting network to select foreground-background pixel pairs as candidate s
samples to evaluate the alpha mattes of unknown regions. As a part of their research, 114
Huang et al. [21] designed a discrete multi-objective optimization algorithm based on pixel- 15
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level sampling. They thus effectively solved the problems of incomplete sampling space 116
and optimal sample loss in the super-pixel sampling method, and ensured the accuracy -
of alpha matte. The strategy adopted by Cao et al. [22] was rooted in the patch-based s
image matting method, as these authors used a patch-based adaptive matting algorithm 110
for high-resolution images and videos. As shown in their work, this algorithm extends the 120
adaptive framework to video matting and reduces the consumption of computer resources. 121
In short, in sampling-based methods, different sampling strategies [23-25] are utilized to 122
select the sample pixel pairs, which reduces the scale of the decision space as well as the 123
computational resource consumption. However, when there are few high-quality pixel 124
pairs in the input image, the sampling-based methods may not identify the optimal pixel 12
pair, resulting in an unsatisfactory alpha matte extraction accuracy. 126

Evolutionary-optimization-based methods: Most evolutionary-optimization-based 127
methods [33] are based on the assumption that adjacent pixels have similar alpha values. 12s
For example, Liang et al. [26] modeled the image matting problem as a combinatorial 120
optimization problem in which foreground and background pixel pairs are assumed to 130
be known. These authors designed a heuristic optimization algorithm based on adap- 1s:
tive convergence speed controller, which alleviated the problem of premature algorithm  1s:
convergence when solving for the optimal pixel pair. In their work, Feng et al. [27] fo- 133
cused on addressing the large-scale problem of high-definition images, and proposed a 134
competitive swarm optimization algorithm based on group collaboration to realize the 1ss
group collaborative solution of large-scale combinatorial optimization problems. These 136
authors demonstrated that, compared with the sampling-based method, the evolutionary- 1s7
optimization-based method can effectively improve the alpha matte estimation accuracy. 1ss
However, when this method is adopted, more than 5 x 103 pixel pairs need to be evaluated 1
for each unknown pixel to ensure that high-quality pixel pairs are captured. Therefore, 140
when the computing resources are limited, it is difficult to attain an adequate alpha value. 1a

In summary, when computing resources are limited, it is difficult to obtain a desired a2
matting result with the existing evolutionary-optimization-based and learning-based mat- 143
ting methods. Therefore, in this work, we propose a sampling-based multi-criterion sam- 14
pling strategy (MCSS) to avoid the loss of high-quality pixel pairs. In addition, to achieve 1
adequate matting with limited computing resources, we propose a novel algorithm—multi- 146
criterion matting algorithm via Gaussian process (GP-MCMatting)—incorporating the 1
MCSS. GP-MCMatting algorithm uses Gaussian process fitting model (GPFM) instead  14s
of the original objective function to search for the optimal pixel pair, which effectively 14
achieves matting under limited computing resources while ensuring the desired matting s
accuracy. 151

2. Problem Description 152

Foreground sampling
I ———————

Foreground pixels (o, o))y
Foreground pixels set sample set S ! . i
ground p PEsi A sxs, | (0,0) (0,9) LG xP) 2 min £ (x) |
S — — | F B :
(o,9) (o,9) istx” eS8, x’ eS8y
Lo e e e ] 1
(o,2) (o,#) Optimizing S to obtain (x",x*)
Background sampling . Pixel-pairs sample set S
[N .
Background pixels

Background pixels set sample set S,

Figure 2. An example of a sampling-based matting method.
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The authors of the existing sampling-based matting methods utilize different strategies 1ss
to select samples from the known regions to obtain candidate samples for pixels in the s
unknown region, thereby evaluating the alpha matte of the unknown region. One such s
sampling method is shown in Figure 2. 156
In the image above, I represents an RGB image, and F, B, U correspond to the known sz
foreground, background and unknown regions in the trimap respectively. S is the decision 1ss
space composed of foreground and background samples which denotes Sp x Sp. Finally, 1se
the evaluation function is used to determine the fitness value of each pixel pair, and the 160
pixel pair with the best fitness is selected as the optimal pixel pair x,p¢, based on the criteria 161
shown in Equation (4): 162
minf(x) = (xF, x8)
st.xel; (xF,xP)es 4
5$=S5 F X S B

where f(x) is the evaluation function of the foreground-background pixel pair, x denotes 13
unknown pixel in the unknown region, (x, x?) represents the decision variable corre- 1es
sponding to the pixel in the known foreground and background regions, and Sr X Sp is the 165
Cartesian product of the foreground and background sample sets. 166

As the dimensions of the candidate sample obtained by sampling are smaller than 167
those of the original decision space, sampling-based method reduces the consumption e
of computing resources to a certain extent. However, when the number of high-quality 1ee
pixel pairs in natural images is small (as shown in Figure 3), this strategy is prone to lose 170
high-quality pixel pairs, resulting in unsatisfactory matting quality. 171

known-background

region

=
-
upknéwn
region

known-foreground high-qualit
region gpi)%els y

Figure 3. Case with a small number of high-quality pixels in the original image.

As shown in Figure 3, depicting GT16 from the alphamatting dataset (with a 800 x 536 172
size), for the flag of the unknown region to be solved, there are fewer than 500 high-quality 17s
pixels confined to a smaller region. Thus, the probability of high-quality pixels being i7e
sampled is 0.0034. The sampling strategy proposed in this work that can be adopted to 175
overcome this issue is described below. 176

3. Multi-criterion matting algorithm via Gaussian process 177

In this section, we will introduce GP-MCMatting algorithm which mainly consists of 17s
two stages: (1) multi-criteria sampling strategy (MCSS); (2) Gaussian process fitting model 17
(GPEM). 180

3.1. Multi-Criterion Sampling Strategy 161

This subsection details the multi-criterion sampling strategy (MCSS), which consists ez
of (1) multi-range pixel pairs sampling and (2) high-quality samples selection. 183
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3.1.1. Multi-range pixel pairs sampling 184

Sampling-based methods rely on local or global sampling strategies to sample pixel 1es
pairs, whereby the former approaches risk missing high-quality pixel pairs. In order to  1ss
compensate for this shortcoming, when the latter strategy is adopted, all foreground and  1e
background pixel pairs are treated as the sample set to ensure that the optimal solution  1ss
is found. While this avoids the loss of real samples, it also increases the consumption s
of computing resources. In this work, we mitigate the aforementioned shortcomings by s
assuming that there is an optimal pixel pair region in the input image, due to which high- 10
quality pixel pairs can be identified by sampling this region. Guided by this assumption, e
we designed a multi-range pixel pair sampling method based on the color and spatial 10

position of pixels. 108

In multi-range pixel pairs sampling, the color similarity score between pixels can be 195

reformulated as follows: 196
D¢ = |1, — I||,, I, e FUB (5)

where |||, denotes Euclidean norm of vector, F U B represents the set of known regions, o7
I,, is the color value of known pixel p, and I is the color value of the unknown pixel . 198

Figure 4. Spatial distance between pixels.

In image matting, the spatial position of pixels can reflect their structural features 1
which may help in the differentiation among pixels. For this purpose, the similarity between =00
the unknown region and the known boundary pixels, as well as the similarity between the 20
unknown region and the long-range known regions (as shown in Figure 4), are calculated 202

using the expressions shown below: 203
D® = Hlp,in - Il'l:ll‘n 5 Ip,in S Fin U Bin (6)
204
b b u b
D:WW—%%Jme&U% 7)

where D? denotes the spatial position distance between the unknown pixels and the long-  zos
range known pixels; D’ represents the spatial distance between the pixels in the unknown  zes
region and the pixels in the known boundaries; I ;in represents the coordinate index values 2o
of the pixels in the known boundaries, I, ;, denotes the coordinate index value of pixels  zos
in the long-range known region; I zgn denotes the coordinate index value of the unknown 200
pixel, and F;; U B, is the coordinate space of the known regions. 210

Let the color distance set between the unknown pixels and the known pixels be 211
given by D¢ = {Dj,D5, .., D5}, whereas the spatial distance between the unknown =i
pixels and the long-range known region pixels is given by D° = {Ds, D3, ..., Dy, }, and 2
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the spatial distance between the unknown pixels and the pixels in the known bound- 21
aries is DY = {Db, Dg, e Dfn} For a more intuitive view of the pixel distance scores, =is
these three sets are rearranged in ascending order, i.e., DE.) = {Dfl),sz),..., Dfm)}, 216

s _ s s s b _ b b b : - a1g
D(_) = {D(l)’D(Z).""’D(m).} , and D(_) = {D_(l)'_D(z)"“’D(m)}' Ac.cordmg ’.co the sam
ple sets of three different distances, the color is first used as the main collection feature, 2.
after which the pixels with similar colors and close distances in the set are considered as 210

the first type of candidate samples. Thus sampling process is described by the following 220

expressions: =
c
X — 151 k=125 ®)
@, other
c s b ; ¢
g[SV UG DG <e L ine )
/] TRy ()
@, other

where X° is a sample set with similar color and close distances, whereas S is the set of 222

similar color pixels with the unknown pixels, ¢ denotes the threshold of color distance, and 223
dxmax(S°)

SC
dis’tar’me in S set, where d denotes the number of samples. 225
Furthermore, according to the obtained multi-range sets, the coordinate space is the 226
main acquisition feature, and the pixels in the same set characterized by close spatial 227
distance and similar color are considered as the second candidate sample type. This 22

represents the proportion of pixels with small color distance and coordinate space 224

sampling method is described by the following equations: 220
xuss, s < drmax(s) m“j‘(ss>
X = 1° L k=1,2.,[5| (10)
@, other
su{Dg,}, if DS, <d
5 {D(y}, if Dy  i=12,.,|Df, (11)
@, other

where X® is a sample set with close spatial distance and similar color, and S° represents the = 2s:
set of similar pixel distances. Thus, when sampling based on different primary features, the 232
sample sets X¢ and X® are formed, allowing the final candidate sample X to be obtained as 233
their union, i.e.,, X = X° x X® which is the Cartesian product of X and X°. 234

3.1.2. High-quality samples selection 235

As explained in the preceding section, multi-range pixel pair sampling yields the =36
candidate sample set X = X° x X®. In cases with a large number of candidate samples 237
that need to be considered for obtaining high-quality pixel pairs, a high-quality sample 235
selection method proposed here can be adopted, which is combined with the multi-range 230
pixel pair sampling method to form MCSS. 240

In the process of pixel pair evaluation, a single evaluation function is usually used to  2a
evaluate the optimal pixel pair. However, this may compromise the ability to determine zs2
the fitness value of a given pixel pair [27]. Therefore, we propose a novel approach that 2as
combines multiple evaluation functions to select high-quality pixel pairs as candidate 24
samples. Specifically, we employ color difference evaluation fc(x), fuzzy evaluation f¢(x), 2es
and fuzzy multi-criterion evaluation f,, (x) asjoint evaluation indices for sample assessment. 2
Let f; denotes the fitness value after averaging the three evaluation functions of pixel x. 247
Accordingly, the fitness value corresponding to the elements in candidate sample X is  2as

F= {fl,fz,...,fX’ },where f; = 1/3% (fe(x) + ff(x) + fu(x)). Reordering F in ascending 2
order yields Fr.y = {f(1), f2), - f]

}. Then, according to the fitness value obtained by the 250

X|
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joint evaluation function, the high-quality pixel pairs can be selected using the expression 2s:
below: 252

o {quf,-, if minfi(x)+1> fi(x),i=1,2,..,|F|, i€ F 12

@, other

Qf =0 13
where ()¢ represents the set of the high-quality pixel pairs fitness values; () is the pixel = zss
information corresponding to the fitness values of high-quality pixel pairs; and minf;(x) + zss
1 > fi(x) is a threshold set to eliminate excessive fitness values. After obtaining high-quality =se
pixel pairs according to Equation (12), (13), the number of high-quality pixel pair samples =57
is far smaller than the number of pixels in the decision space. As shown in Algorithm 1, =2se
the aforementioned approaches are combined to yield MCSS. 250

Algorithm 1 : Multi-criterion sampling strategy.

Input: image and trimap.
1. //For information on image pixel.
2. FU B = Known pixel information by trimap.
3.fori=1to |[FUB|do
/ /multi-range pixel-pairs sampling.
{D¢, D%, Dt} =By Equation (5), (6), (7).
{Df_), D?l), D?.)} =Sort the sets in ascending order.
while DE') <edo
X¢ = By Equation (8), (9).
9. end while
10.  while Df_) <ddo
11. X® = By Equation (10), (11).
12. end while
13. X =X"x X5
14. end for
15. / /High-quality sample selection.

17. if stop criterion is not met then

18. QO =QuU{x;} //x;is the corresponding sample pixel of f;.
19. end if

Output: high-quality pixel pairs set ().

®© N U

Specifically, to ensure that high-quality pixel pairs are not missing, in Line 1-2 fore- 2e0
ground and background pixel information is gathered according to the input image, while 26
in Line 3-14 the candidate sample set X is output after excessive range sampling, and in  ze:
Line 15-19 the final high-quality samples set () is obtained according to the high-quality zes
selection method. 264

3.2. Multi-criterion matting algorithm via Gaussian process 265

In this subsection, we will introduce the multi-criterion matting algorithm via Gaussian  zes
process (GP-MCMatting) proposed in this work, which enables image matting even when 26
computing resources are limited while ensuring the required accuracy of image matting.  2es

3.2.1. Gaussian process fitting model 2690

The objective function of natural image matting problem is typically complex due to 2o
the simultaneous consideration of the similarity between pixels and the foreground /backgr- 2n
ound regions, as well as the similarity among pixels. Traditional objective functions =7
usually require nonlinear optimization algorithms for solving, which demands intensive 273
computational resources and time [16]. When computing resources are limited, it may 27
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be challenging to directly use traditional objective function-based methods. Accordingly, =7
we assume that the optimal foreground and background pixel pair can be evaluated by 26
fitting the parameters of the kernel function in the Gaussian process (GP), i.e., the solution 277
of the pixel pairs original objective function can be approximately replaced by fitting the 27s
parameters of the GP using the following expressions: 279

minH(x; ;,,) — minf(x)

s.t. minf(x)
L _B r B (14)
x=(x;,%7), Xiin = (xi,in' xi,in)
xf, xfin € F, F,; xZB, xfin € B, Bj,

where H(x;;,) is the Gaussian process fitting model (GPFM). Due to there are many 20
redundant solution space regions in the coordinate space, in the proposed algorithm, the  zs
image index number space is used to construct the distribution of the objective function. s
Moreover, to avoid crossing the boundary when searching for the optimal solution, the 2es
GPFM is constructed in the index value space. 204

GP is an infinite set of random variable distributions, where the joint distribution zes
function of each finite subset is subject to Gaussian distribution [28,29]. Therefore, the GP  2s6
is completely determined by the mean function and covariance kernel function between  zs
any two random variables [30,31]. In this work, the optimization of the GPFM model e
is achieved by approximating the optimal solution of the pixel pair objective function, 2se
essentially by estimating the undetermined parameters in the GPFM and then using the 200
evaluated parameters to obtain the optimal solution [32]. Let 6 and § denote the parameter 201
vector and the estimated parameter vector of the kernel function in the GPEM, respectively. 202
Then the likelihood function is used to estimate the kernel function parameters in the 20
Gaussian process fitting model. Mathematically, the expression can be described as follows: 204

0 = L(0|f(x),x;;n) = argminlogP(f(x),x;,|0) (15)
9

Therefore, According to Equation (15), the GPFM of the pixel pair evaluation function = 2es
can be obtained via the following expressions: 296

minH = H(x; ;,|0) (16)
Then the index position of the optimal pixel pair can be evaluated by fitting GPFM in the 207
Equation (16), allowing us to solve for the optimal pixel pair. 208
3.2.2. Multi-criterion matting algorithm via Gaussian process 200

Natural image matting is a large-scale problem, due to which extensive computing oo
resources are needed to solve the original objective function directly. Therefore, to achieve 0
matting with limited computing resources, we propose a novel matting algorithm named o2
multi-criterion matting algorithm via Gaussian process (GP-MCMatting), which includes (1) o2
multi-criterion sampling strategy (MCSS) and (2) Gaussian process fitting model (GPFM). = oa
The former is mainly used to select high-quality sample pixel pairs from a large number  sos
of decision variables. The latter mainly uses GPFM to approximate the original objective 06
function of natural images based on the MCSS, thereby reducing the consumption of o7
computational resources. For constructing the GPFM basis, we define ® which is a penalty  ses
function of GPFM described as: 300

02, 7) = h(Q) — 1L log Q a7

where 7 is the attenuation factor of the penalty function, and () is the set of high-quality 310
pixel pair samples. 311

Once the GPFM is constructed, it is utilized to approximate the original objective 312
function for a given pixel pair, allowing the optimal pixel pair to be obtained by solving the 1
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extreme points of the model via the high-quality pixel pair set (). In this work, the optimal 14
solution of GPFM is obtained based on the ideas behind the interior-point algorithm (IPA). s
Within the solving process, the optimal solution x,,;,, of GPFM is approximately equivalent s1s
to the optimal solution x4 of the objective function. In addition, we find that the optimal 317
pixel pair is usually located in the X' of the known region closest to the unknown pixels. s
Therefore, selecting the closest pixel pair in the local foreground region and the background s
region as the initial IPA population often yields a viable solution. When this assumption 2o
does not hold, the IPA algorithm can also find the optimal foreground-background pixel sz
pairs by solving the GPFM, because the algorithm is applied to the entire search space, 22
thus theoretically avoiding the loss of the optimal pixel pair. The solving process of GP-  z2s
MCMatting is shown in Algorithm 2. 324

Algorithm 2 : Multi-criteria matting algorithm via Gaussian process.

Input: image and trimap.

. / /Initialize parameters €, T.
2. xloc — Xloc(x)'

3. 7« =Generate a random number greater than 0.
4. ¢ = Generate a random number between [0,1].
5.fori=1to ’U| do
6
7
8
9

—_

/ /Gaussian process fitting model construction.
) =According to the Algorithm 1.
(f(x), xiin) = Q.
- H=H(Lp(6|f(x),%iin)), Xijin € Q.

10. //Optimal pixel pair estimation.

11, xpyip = minH(x1).

12. whilee > Tt do

13. Xy = 522

k Bx«,k.

14, e ®(xi}jci'77k?f®(xi;’;il ~Vk-1) ‘
O —1e1)

15. € =[xy, — x|
16. xinit = x, .
17. Yk = Yk-1-C
18. if 7, < 0 then.
19. Yk = a random number greater than 0.
20. ¢ = arandom number between [0,1].
21. end if
22. end while
23. end for

24 Xpost = Xoyy.-
Output: xp,g;.

Specifically, let € represents the distance between GPFM and the target function that sz
needs to be approximated, T is a small value obtained from a penalty function. a?c% is 326
the partial derivative, where c is a randomly generated attenuation factor, and y; is a 27
random penalty coefficient greater than 0. () is a set of high-quality pixel pairs obtained by  s2s
Algorithm 1. In Algorithm 2, the required parameters are first initialized, and lines 5-10 sz
are used to construct GPFM. Lines 12-22 are the process of solving the optimal solution of = 3o
GPFM. The algorithm stops iterating when the optimal solution of GPFM is approximately = ss

equivalent to the optimal solution of the objective function. 332

4. Experiments and Results 333

In this section, three sets of experiments are described, which were performed to verify sss
the effectiveness of the high-quality pixel pairs selection strategy and the effectiveness of 35
the algorithm. 336
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4.1. Experimental setup 337

In the experiments, the alphamatting dataset presented by Rhemann et al. [9] (which = s3s
contains 35 images, 27 of which are training images and 8 are testing images) was used as 330
the benchmark dataset. All experiments were run on Intel (R) Core (TM) i7-9700 3.00GHz 340
CPU, 16G memory server. Based on the experimental environment, we set up three groups s
of experiments, as outlined below. 342

e  This experiment was mainly performed to verify that MCSS can effectively avoid the = ses
loss of high-quality pixel pairs, thus improving the matting performance. 348
¢ In this experiment, comparative analysis between GP-MCMatting and the state-of- s
the-art evolutionary optimization-based algorithms was conducted, such as pyramid  sss
matting framework (PMF) [16], adaptive convergence speed controller based on parti- sz
cle swarm optimization (PSOACSC) [26], and multiobjective evolutionary algorithm s
based on multi-criteria decomposition (MOEAMCD) [15], on the 1%, 2%, 5%, 10%, 34
20% and 100% computing resources basis. The matting performance of the proposed s
algorithm under limited computing resources was verified. 351
*  This experiment was conducted to compare the GP-MCMatting performance with the s
aforementioned algorithms based on the availability of only 1% computing resources sss
to verify its superiority. 354

In order to ensure the comparability of the experimental results based on different sss
algorithms and facilitate statistical analysis of their performance, mean square error (MSE) sse
and absolute value error (SAD) were adopted as evaluation indices. In the sections that sz
follow, the results and analyses of each group of experiments are presented. 358

4.2. Effectiveness of multi-criterion sampling strategy 350

In the MCSS, the spatial coordinates and color features of pixels are sampled by solving  seo
Equation (8)-(9). In Equation (9), pixels whose color distance is less than ¢ are considered as e
candidate samples. In order to determine the optimal value of color distance parameters, se
we calculate the matting results under different distances. Figure 5 shows the sum of MSE 363
values of 27 alphamatting training sets based on 1% computing resources and different ses
color distance parameters. The results show that, when the color parameter is assigned the ses
value of 10 (the red corresponds to the dashed line), the total MSE based on all 27 images is  ses
the smallest with a value of 0.789, i.e., the alpha matte accuracy is the highest. Therefore, e
the color distance parameter ¢ is set to 10 in the MCSS. 368

0.860 —&— The sum of MSE under different values
0.850
0.840
0.830
0.820
0.810
0.800
0.790

0.780
5 10 15 20 25 30 35

Figure 5. Sensitivity analysis of the color distance parameter.
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Table 1. Comparison of the matting results yielded by different evaluation functions.
Color difference ~ Multiobjective Fuzzy Multi-criteria
evaluation evaluation evaluation sampling
function function function strategy
MSE 0.0299 0.0297 0.0293 0.0292
SAD 7.2699 7.1731 7.1628 7.0999

Additionally, to verify the effectiveness of the high-quality samples selection method  see
in the MCSS, a comparative analysis on the matting quality obtained by selecting different sz
evaluation functions was performed and the findings are shown in Table 1. The compar- 7
isons are based on the sum of MSE and SAD of 27 images solved by different evaluation 7
functions. By referring to Table 1, we can see that on the basis of the MSE and SAD s
evaluation metrics, the MCSS outperforms the method based on a single evaluation func- 7
tion. Therefore, the experimental results show that the combination of multiple evaluation s7s
functions to select high-quality pixel pairs is significantly better than a single evaluation 7
function to select pixel pairs, which fully verifies the effectiveness of MCSS. 377

4.3. Algorithm evaluation and comparison under the conditions characterized by limited computing  szs
resources 379

In this subsection, GP-MCMatting is compared with the state-of-the-art evolutionary sso
optimization-based algorithms to verify the matting performance of the proposed algorithm  ze
when computing resources are limited. As most algorithms require 5000 iterations per se:
pixel [15,16,26], this was adopted as the benchmark, and 1%, 2%, 5%, 10%, 20%, and 100%  sss
of 5000 computing resource availability is considered in different scenarios to compare sss
the matting performance of studied algorithms. For the fairness of comparison, MSE and  zes
SAD are used as the evaluation indicators to compare the alpha matte accuracy of different s
algorithms. The results in Table 2 represent the sum of MSE and SAD of different algorithms  ser
when applied to the training sets contained in the alphamatting dataset under different ses
computing-resource conditions. 380

Table 2. The SAD and MSE values for the GP-MCMatting and the state-of-the-art evolutionary
optimization-based algorithms based on their application to 27 images at the 1%, 2%, 10%, 20%
and 100% computer power and 5000 evaluations. Bold Arabic numerals indicate the index with the

highest ranking.

Computing SAD

resources 1% 2% 5% 10% 20% 100%
PSOACSC[26] 604.425 604.267 604.418 604.137 603.950 602.987
MOEAMCD][15] 243.965 243.346 242.741 242.179 243.028 242.741
PMF[16] 349.160 321.151 294.067 272.818 253.481 228.433
Ours 191.697 187.752 202.500 214.409 216.114 210.910
Computing MSE

resources 1% 2% 5% 10% 20% 100%
PSOACSC]26] 5.061 5.063 5.063 5.062 5.056 5.039
MOEAMCD[15] 1.127 1.121 1.113 1.116 1.118 1.113
PMEF[16] 2.231 1.910 1.689 1.430 1.257 1.028
Ours 0.789 0.826 1.029 1.151 1.163 1.171

According to the results reported in Table 2, in terms of the SAD value, the matting s
performance of the proposed algorithm under limited and sufficient computing resources 3o
is superior to that associated with PMF, MOEAMCD and PSOACSC algorithms. According  se2
to the MSE evaluation index, the matting effect of the proposed GP-MCMatting algorithm  ses
is better than that of the algorithms used in comparisons only when 1%, 2% and 5% of 34
the computing resources are considered. Nonetheless, GP-MCMatting algorithm is still  ses
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superior to PMF and PSOACSC in the scenarios based on 10%, 20% and 100% computing s
resource availability. When both SAD and MSE are considered, however, the proposed e
GP-MCMatting algorithm not only achieves competitive matting effects under limited e
computing resources, but can also achieve good results even when computing resources oo
are sufficient. Thus, the proposed algorithm based on the MCSS effectively realizes the 00
matting results irrespective of the computing resource availability. 201

In order to further analyze the effectiveness of GP-MCMatting under limited com- 02
puting resources, the MSE results of different algorithms are compared based on their o
application on 27 images in the alphamatting dataset and availability of 1% computing sos
resources. a0s

4.4. Comparison to the state-of-the-art methods a06

In order to demonstrate the effectiveness of the proposed GP-MCMatting algorithm 407
and compare its performance to the state-of-the-art algorithms when computing resources sos
are limited, MSE values obtained by applying different matting algorithms to 27 training 40e
sets under 1% computing resources are shown in Table 3. 410

According to the results reported in Table 3, GP-MCMatting outperforms PMF, PAO- 41
ACSC and MOEAMCD algorithms in 24 of the 27 cases (i.e., with the exception of GT(09, 4
GT24 and GT15 images). The reasons behind its suboptimal performance in these three 41
cases will be analyzed in detail in Section 5.5. a1

A(a)image (b)trimap (c)groundtruth (d)PMF ()MOEAMCD  (f)PSO-ACSC (g)GP-MCMatting

Figure 6. Visual comparison on the alphamatting dataset. (a) input image; (b) trimap; (c) ground
truth; (d) PMF; (e) MOEA-MCD; (f) PSOACSC; (g) GP-MCMatting.
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To further verify the matting effect of the proposed algorithm, the results yielded
by the GP-MCMatting algorithm on the training set and test set are depicted in Figure
6. It is evident that GP-MCMatting effectively evaluates the object containing hair in
the foreground target in the image (the visualization results in rows 1, 2, 3, 4 and 6).
Conversely, according to the comprehensive visualization results and MSE accuracy results,
the matting effect of the compared algorithms under the limited computing resources is
not satisfactory, and there are large unknown areas that cannot be evaluated. Based on the
analysis of the experimental results shown in Table 3 and the images included in Figure 6,
it is evident that the algorithm proposed in this work avoids the loss of the optimal pixel
pair by selecting high-quality pixel pairs, thus improving the extraction accuracy of the
foreground mask. In addition, under limited computing resources, satisfactory matting is
realized by approximately solving the GPFM, which reflects the superiority of the proposed
GP-MCMatting.

Table 3. The MSE values for GP-MCMatting and the state-of-the-art evolutionary-optimization-based
methods based on their application on 27 images under 1% computing resources. Bold Arabic
numerals indicate the index with the highest ranking.

Algorithms

GTo1 GTo02 GTo03 GTo04 GT05 GTo06 GTo07 GTo08 GT09

Ours
PSOACSC[26]
MOEAMCDJ15]
PMF[16]

3.33E-03 6.40E-03 9.68E-03 1.23E-02 1.49E-02 1.49E-02 7.89E-03 3.93E-02 1.29E-02
6.65E-02  2.13E-01 5.35E-02 1.01E-01 1.62E-01 2.24E-01 9.11E-02 1.26E-01 1.57E-01
749E-03 153E-02 1.19E-02 2.15E-02 2.53E-02 271E-02 1.08E-02 4.40E-02 1.11E-02
1.74E-02 1.23E-01 145E-02 3.28E-02 4.78E-02 4.45E-02 2.84E-02 5.71E-02 2.16E-02

Algorithms

GT10 GT11 GT12 GT13 GT14 GT15 GT16 GT17 GT18

Ours
PSOACSC]26]
MOEAMCD[15]
PMF[16]

2.32E-02 3.21E-02 1.00E-02 1.23E-02 7.81E-03 5.04E-02 7.64E-02 1.22E-02  7.50E-03
222E-01 3.02E-01 4.61E-02 2.08E-01 1.55E-01 1.79E-01 3.62E-01 1.41E-01 2.04E-01
2.77E-02 393E-02 147E-02 229E-02 261E-02 4.02E-02 1.87E-01 1.59E-02 1.66E-02
6.36E-02 7.65E-02 1.84E-02 6.66E-02 537E-02 9.36E-02 3.43E-01 3.01E-02 6.15E-02

Algorithms

GT19 GT20 GT21 GT22 GT23 GT24 GT25 GT26 GT27

Ours
PSOACSC]26]
MOEAMCD][15]
PMEF[16]

8.82E-03 7.56E-03 1.57E-02 7.15E-03 7.35E-03 9.84E-02 1.51E-01 5.95E-02  8.06E-02
2.27E-01 7.33E-02 1.90E-01 1.19E-01 1.58E-01 3.54E-01 299E-01 256E-01 3.71E-01
5.13E-02 1.21E-02 4.73E-02 1.38E-02 1.81E-02 6.88E-02 1.67E-01 6.94E-02 1.15E-01
9.99E-02 1.34E-02 9.56E-02 261E-02 232E-02 1.05E-01 2.88E-01 1.64E-01 2.22E-01

4.5. Limitations of the GP-MCMatting algorithm

The comparison and analysis of the experimental results in Sections 5.2-5.4 fully
reflect the superiority of the proposed algorithm under conditions characterized by limited
computing resources. However, the results reported in Table 3 in Section 5.4 show that
the extraction accuracy of GP-MCMatting algorithm is low when applied to the GT15 and
GT24 images, and there are failures in the acquisition of high-quality pixel pairs, as shown
in Figure 7.

The results depicted in Figure 7 reveal that the color information of the foreground and
background pixels in the annotated region is relatively similar, as depicted by the green box
in the images. Although the pixels in this region meet the color sampling requirements due
to their minor color differences, the spatially close distribution of these pixels impedes the
search for the optimal pixel pair during the evaluation of the kernel function parameters of
Gaussian process field model (GPFM) using pixel spatial distribution. Consequently, in
complex images that exhibit similar foreground and background characteristics, GPFM
approximations cannot replace the original evaluation function when solving for the
optimal pixel pairs. This fundamental limitation constrains the practical implementation of
the GP-MCMatting algorithm in such scenarios.
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Figure 7. The case of GP-MCMatting failure when applied to the GT15 and GT24 images.

5. Conclusions 445

In this paper, we present a multi-criterion sampling matting algorithm via Gaussian s
process (GP-MCMatting) that effectively solves the matting problem with limited comput- s
ing resources. To overcome the challenge of losing optimal pixel pair which is occurred in  ass
sampling-based methods, a MCSS was designed based on multi-range pixel pair sampling 4o
and high-quality samples selection. Additionally, to address the challenge of matting under sso
limited computing resources, the GP-MCMatting algorithm searches optimal pixel pair s
using an approximation of the GPFM instead of the original evaluation function. This a2
technique avoids the protracted calculations required by the original evaluation function ss
while still ensuring accurate matting. The experimental results demonstrate that, the GP-  4sa
MCMatting algorithm achieves similar results under sufficient computing resources and is  ass
superior when 1%, 2%, and 5% of computing resources are available. as6

However, the GP-MCMatting algorithm cannot be applied to input images with sz
similar foreground and background color information. Therefore, these shortcomings will ~ 4se
be addressed in future work. as0
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