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Abstract. Foregrounds extracted from the background, which are intended to
be used as photorealistic avatars for simulators in a variety of virtual worlds,
should satisfy the following four requirements: 1) real-time implementation, 2)
memory minimization, 3) reduced noise, and 4) clean boundaries. Accordingly,
the present paper proposes a codebook-based Markov Random Field (MRF)
model for background subtraction that satisfies these requirements. In the proposed method, a codebook-based approach is used for real-time implementation
and memory minimization, and an edge-preserving MRF model is used to eliminate noise and clarify boundaries. The MRF model requires probabilistic measurements to estimate the likelihood term, but the codebook-based approach
does not use any probabilities to subtract the backgrounds. Therefore, the proposed method estimates the probabilities of each codeword in the codebook using an online mixture of Gaussians (MoG), and then MAP-MRF (MAP: Maximum A-Posteriori) approaches using a graph-cuts method are used to subtract
the background. In experiments, the proposed method showed better performance than MoG-based and codebook-based methods on the Microsoft DataSet
and was found to be suitable for generating photorealistic avatars.

1 Introduction
Before constructing buildings, details such as the suitability of the floor layout navigation signs and whether users will feel comfortable in the buildings should be considered. Virtual reality techniques are used to investigate virtual structures in detail.
However, since information is generally displayed through monitors and a keyboard
or mouse is used to navigate the structure, it is difficult to evaluate the relationship
between the details of the structure and the sense of absolute direction of the user.
Therefore, we are developing simulation environment, referred as to Walkthrough
Simulator (WTS), in order to enable subjects to navigate virtual constructions from
the perspective of the customer. The hexahedral-shaped device shown in the center of
Fig. 1 is the WTS. The virtual building is displayed inside the device using multiprojectors, as shown on the right-hand side of Fig. 1.
In some buildings, such as public institutions, guides provide instructions to customers or visitors to help them reach their destination. In the virtual building, guides

are displayed as avatars. In the present study, we use a Photorealistic Avatar, in
which the appearance of an actual person is used as CG texture, as a guide. The
present paper focuses on displaying the photorealistic avatar in virtual buildings. The
image of the person that is used to create the photorealistic avatar is extracted by the
camera in front of the simulator, as shown in Fig. 1(A), and the photorealistic avatar
is displayed in a fixed location in the virtual world inside the simulator, as shown in
Fig. 1(B).

Fig. 1. Schematic diagram of the WTS: (A) photorealistic avatar extracted from the modeled
background, (B) photorealistic avatar integrated into the virtual building, and (C) multiprojectors.

In the present paper, it is assumed that the moving foreground in front of the fixed
camera outside the simulator is an individual whose image will be used to generate
the photorealistic avatar, and the actual person who will take a role of the guide can
stand any places, for example, a room with complex backgrounds. The present paper
uses background subtraction to extract the appearance of the guide from images captured by a camera. There are four requirements for the background subtraction: 1)
extraction must be performed in real time, 2) memory consumption must be limited,
3) the image must be extracted with little noise, and 4) the boundaries of the avatar
must be clear.
The proposed method integrates a codebook-based approach, which helps to perform extraction in real time and reduces the required memory, and an edge-preserving
MRF model, which can eliminate noise and generate clear boundaries. Although the
codebook-based algorithm [10] can model an adaptive and compact background over
a long period of time with limited memory, it cannot be used as the likelihood term in
the edge-preserving MRF, because the similarity (rather than the probability) is used
to compare input pixels with the modeled background. Therefore, online mixture of
Gaussians (MoG) is used to estimate the probabilities for all codewords in the codebook. In addition, the proposed method models the prior term using the codebookbased method in order to substantially reduce extraction errors caused by highcontrast edges in cluttered backgrounds, thereby reducing errors on the boundaries of
extracted foregrounds.

2 MRF Modeling for Background Subtraction
2.1 Related Research
The simplest background model assumes that pixel values can be modeled by a single
Gaussian distribution [1]. However, this basic model cannot handle multiple backgrounds, such as trees moving in the wind. The MoG has been used to model nonstatic backgrounds [2]. However, it is difficult to detect sudden changes in the background when the learning rate is low, and slowly moving foreground pixels will be
absorbed into the background model when the learning rate is high [7]. Sheikh and
Shah [4] proposed a MAP-MRF framework, which results in clear boundaries without
noise by enforcing spatial context in the process, but this technique [4] cannot be used
when long periods of time are needed to sufficiently model the background, primarily
due to memory constraints, because they used a kernel density estimation technique
[7]. In order to address the memory constraint problem, Kim et al. [7] proposed a
codebook background subtraction algorithm intended to model pixel values over long
periods of time, without making parametric assumptions. However, since this algorithm did not evaluate probabilities, but only calculated the distance from the cluster
means, it is hard to extend this algorithm to the MAP-MRF framework.
2.2 Energy Function
In the present paper, background subtraction is considered as an MRF framework.
The MRF is specified in terms of a set of sites 𝒮 and a set of labels ℒ. Consider a
random field consisting of a set of discrete random variables 𝐅 = {𝐹1 , … , 𝐹𝑛 } defined on
the set 𝒮, such that each variable 𝐹𝑠 takes a value 𝑓𝑠 in ℒ, where s is index of the set of
sites. For a discrete label set ℒ, the probability that random variable 𝐹𝑠 takes the value
𝑓𝑠 is denoted as 𝑃(𝐹𝑠 = 𝑓𝑠 ) , and the joint probability is denoted as 𝑃(𝐅 = 𝐟) =
(𝐹1 = 𝑓1 , … , 𝐹𝑛 = 𝑓𝑛 ), abbreviated as 𝑃(𝐟), where 𝐟 = {𝑓1 , … , 𝑓𝑛 }. Here, f is a configuration of F.
If each configuration, f is assigned a probability 𝑃(𝐟), then the random field is said
to be an MRF [11] with respect to a neighborhood 𝑁 = {𝑁𝑠 |𝑠 ∈ 𝒮}, where 𝑁𝑠 is the set
of sites neighboring s, if and only if it satisfies the following two conditions: the positivity property 𝑃(𝐟) > 0, ∀𝐟 ∈ 𝐅 and the Markovian property 𝑃�𝑓𝑠 |𝑓𝑆−{𝑠} � = 𝑃�𝑓𝑠 |𝑓𝑁𝑠 � ,
where 𝑓𝑁𝑠 = {𝑓𝑠′ |𝑠′ ∈ 𝑁𝑠 } denotes the set of labels at the sites neighboring s.
Since F is generally not accessible, its configuration f can only be estimated
through an observation obs. The conditional probability 𝑃(𝐟|𝑜𝑏𝑠) is the link between
the configuration and the observation. A classical method of estimating the configuration f is to use MAP estimation. This method aims at maximizing the posterior proba𝑃(𝑜𝑏𝑠|𝐟)𝑃(𝐟)
bility 𝑃(𝐟|𝑜𝑏𝑠), which is related to the Bayes rule as follows: 𝑃(𝐟|𝑜𝑏𝑠) = 𝑃(𝑜𝑏𝑠) ..
Since the problem lies in maximizing the previous equation with respect to f,
which𝑃(𝑜𝑏𝑠) does not act on, the MAP problem is equivalent to
𝑃(𝐟|𝑜𝑏𝑠) = argmax𝐟∈𝐅 �∑𝑠∈𝒮 𝐷𝑠 (𝑓𝑠 ) + ∑{𝑠,𝑠′}∈𝑁 𝑉𝑠,𝑠′ (𝑓𝑠 , 𝑓𝑠′ )�,

(1)

in an energy function, where 𝑃(𝐟) is the Gibbs distribution, and pairwise cliques are
considered. For more information on the MAP-MRF, please refer to the paper by
Geman and Geman [5].
In the present paper, 𝐷𝑠 (𝑓𝑠 ) in Eq. 1 is referred to as the likelihood term derived
from the modeled background, which reflects how each pixel fits into the modeled
data given for each label, and Vs,s′ (𝑓𝑠 , 𝑓𝑠′ ) is referred to as the a prior term that encourages spatial coherence by penalizing discontinuities between neighboring pixels 𝑠
and 𝑠′. In addition, 𝑉𝑠,𝑠′ (𝑓𝑠 , 𝑓𝑠′ ) is replaced by 𝑉𝑠,𝑠′ ∙ 𝛿(𝑓𝑠 , 𝑓𝑠′ ), where 𝛿(𝑓𝑠 , 𝑓𝑠′ ) denotes the
delta function defined by 1 if 𝑓𝑠 ≠ 𝑓𝑠′ , and otherwise denotes the delta function defined by 0. Thus, this is a penalty term when two pixels are assigned different labels.
2.3 Graph Cuts
To minimize the energy function (Eq. 1), we use a graph-cuts method [8], because
this method showed the best performance among the conventional energy minimization algorithms [9]. The procedure for energy minimization using the graph-cuts method includes building a graph, wherein each cut defines a single configuration, and
the cost of a cut is equal to the energy of its corresponding configuration [9].
For the graph-cuts method, a graph 𝐺 = 〈𝜈, 𝜀〉 is first constructed with vertices corresponding to the sites. Two vertices, namely, source (Src) and sink (Sin), also referred to as terminals, are needed in order to represent two labels, and each vertex has
two additional edges, {𝑠, 𝑆𝑟𝑐} and {𝑠, 𝑆𝑖𝑛}. Therefore, the sets of vertices 𝜈 and edges 𝜀
are 𝜈 = 𝒮 ∪ {𝑆𝑟𝑐, 𝑆𝑖𝑛} and 𝜀 = 𝑁 ⋃𝑠∈𝒮�{𝑠, 𝑆𝑟𝑐}, {𝑠, 𝑆𝑖𝑛}�,, where N are referred to as nlinks (neighboring links) and {𝑠, 𝑆𝑟𝑐} and {𝑠, 𝑆𝑖𝑛} are referred to as t-links (terminal
links). The weights of the graph are set for both n-links and t-links, where the t-links
connecting each terminal and each vertex correspond to the likelihood term and the nlinks connecting neighboring vertices correspond to the prior term.
Note that the background subtraction problem can be solved by finding the least
energy consuming configuration of the MRF among the possible assignments of the
random variables F. Minimizing the energy function defined in Eq. 1 is equivalent to
finding the cut with the lowest cost, because the costs of two terms are assigned to the
weights of the graph. Specific labels are then assigned to two disjointed sets connected by Src and Sin by finding the cut with the lowest cost in the graph. The minimum-cost cut of the graph can be computed through a faster version of max-flow
algorithm, proposed in [9]. The obtained configuration corresponds to the optimal
estimate of 𝑃(𝐟|𝑜𝑏𝑠).

3 Proposed Energy Function
3.1 Likelihood Term
The likelihood term is derived from the modeled background data to measure the cost
of assigning the label 𝑓𝑝 to the pixel p, and 𝐷𝑝 �𝑓𝑝 � is defined as follows:

𝐷𝑝 �𝑓𝑝 = foreground� = 1,

� 𝐷𝑝 �𝑓𝑝 = foreground� = 0,

𝑝

𝐷𝑝 �𝑓𝑝 = background� = 0,
𝐷𝑝 �𝑓𝑝 = background� = 1,

if 𝑃(𝑝) < 𝑇𝑓 ,

if 𝑃(𝑝) > 𝑇𝑏 ,

𝐷𝑝 �𝑓𝑝 = foreground� = 𝑇𝑏 , 𝐷𝑝 �𝑓𝑝 = background� = 𝑃(𝑝), otherwise,
𝑝
where 𝑇𝑓 and 𝑇𝑏 are thresholds for hard constraints [10] in constructing graphs, 𝑇𝑏 is a
threshold to extract moving objects from the background, and 𝑃(𝑝) is the probability

that a pixel p is included in the background. In the present paper, the codebook-based
algorithm and MoGs are used to estimate the probabilities for the background.
The codebook algorithm is used to construct a background model from long input
sequences and adopts a quantization technique to minimize the required memory. For
each pixel, the codebook algorithm builds a codebook consisting of one or more codewords. Samples at each pixel are quantized into a set of codewords based on color
and brightness information. The background is then encoded on a pixel-by-pixel basis.
Let X be a training sequence for a single pixel consisting of nx RGB-vectors:
𝐗 = �𝐱1 , … , 𝐱 𝑛𝑥 �, and let 𝐂 be the codebook for a pixel consisting of nc codewords.
Each pixel has a different codebook size based on its sample variation. Each codebook c𝑖 , i = 1, … , 𝑛𝑐 consists of an RGB vector 𝐯𝑖 = (𝑅�𝚤 , 𝐺�𝚤 , 𝐵�𝚤 ) and a 7-tuple 𝐚𝐮𝐱𝑖 =
�𝑖 , 𝐓
�𝑖 , 𝜏𝑖 , 𝑞𝑖 , 𝑓𝑖 〉 , where 𝐼̌𝑖 and 𝐼̂𝑖 denote the minimum brightness and maximum
〈𝐼̌𝑖 , 𝐼̂𝑖 , 𝐓
brightness, respectively, of the ith codeword, 𝑇�𝑖 and 𝑇�𝑖 denote the thresholds for the
RGB vector 𝐯𝑖 , 𝜏𝑖 denotes the maximum negative run-length (MNRL), which is defined as the longest interval during the training period in which the codeword did not
recur, 𝑞𝑖 denotes the last access time at which the codeword occurred, and 𝑓𝑖 is the
frequency with which the codeword occurs.
1
2

𝑛𝑐 ← 0, 𝐂 ← ∅ (empty set)
For t = 1 to nx do
2.1 𝐱𝑡 = (𝑅, 𝐺, 𝐵), 𝐼 ← √𝑅 2 + 𝐺 2 + 𝐵2
2.2 Find the codeword cm in 𝐂 = {𝐜𝑖 |1 ≤ 𝑖 ≤ 𝑛𝑐 } that matches xt based on two conditions
𝑇�𝑖 ≤ 𝐱𝑡 ≤ 𝑇�𝑖 and 𝐼̌𝑖 ≤ 𝐼 ≤ 𝐼̂𝑖
2.3 If 𝐂 = ∅, or, if there is no match, then 𝑛𝑐 = 𝑛𝑐 + 1. Create a new codeword 𝐜𝑛𝑐 by setting
𝐯𝑛𝑐 ← (𝑅, 𝐺, 𝐵) and 𝐚𝐮𝐱𝑛𝑐 = 〈𝐼 − 𝑡𝐼 , 𝐼 + 𝑡𝐼 , 𝐯𝑛𝑐 − 𝐭 𝐯 , 𝐯𝑛𝑐 + 𝐭 𝐯 , 𝑛𝑐 − 1, 𝑛𝑐 , 1〉

̅ , 𝐵�𝑚 ) and
Otherwise, update the matched codeword cm, consisting of 𝐯𝑚 = (𝑅�𝑚 , 𝐺𝑚
�𝑚 , 𝐓
�𝑚 , 𝜏𝑚 , 𝑞𝑚 〉, by setting
𝐚𝐮𝐱𝑚 = 〈𝐼̌𝑚 , 𝐼̂𝑚 , 𝐓
̅ + 𝐺 𝑓𝑚 𝐵�𝑚 + 𝐵
𝑓𝑚 𝑅�𝑚 + 𝑅 𝑓𝑚 𝐺𝑚
𝐯𝑚 ← �
,
,
� and
𝑓𝑚 + 1
𝑓𝑚 + 1
𝑓𝑚 + 1
̌
̂
�𝑚 �, max�𝐯𝑚 , 𝐓
�𝑚 �, max{𝜏𝑚 , 𝑡 − 𝑞𝑚 }, 𝑡, 𝑓𝑚 + 1〉
𝐚𝐮𝐱𝑚 = 〈min�𝐼, 𝐼𝑚 �, max�𝐼, 𝐼𝑚 �, min�𝐯𝑚 , 𝐓

2.4

end for

Fig. 2. Algorithm for codebook construction

After construction, the codebook may be sizeable because it contains all of the codewords that may include moving foreground objects and noise. Therefore, the codebook is refined by eliminating the codewords that contain moving foreground objects.
The MNRL in the codebook is used to eliminate the codewords that include moving
objects, based on the assumption that pixels of moving foreground objects appear less
frequently than moving backgrounds. Thus, codewords having a large 𝜏 are eliminated by the following equation: ℂ = {𝐜𝑚 |𝐜𝑚 ∈ 𝐂 ∧ 𝜏𝑚 ≤ 𝑇ℂ }, , where ℂ denotes the background model, which is a refined codebook, and 𝑇ℂ denotes the threshold value. In the
experiments, 𝑇ℂ was set to be equal to half the number of training frames.

In the case of using codebook-based algorithms, it is difficult to use an MRF because the MRF does not evaluate probabilities, but rather calculates the distance from
the RGB vectors and the brightness of the codewords.
To evaluate the probabilities from the codebooks, a mixture of K Gaussian distributions proposed by Stauffer and Grimson [2] is chosen to model the recent history of
each pixel, which is included in the same codewords. The probability of observing the
current pixel value 𝐱 t is 𝑃(𝐱t ) = ∑𝐾𝑖=1 𝑤𝑖,𝑡 ∗ 𝜂�𝐱𝑡 , 𝛍𝑖,𝑡 , 𝚺𝑖,𝑡 �,, where K is the number of
distributions, 𝛍𝑖,𝑡 is an estimate of the weight of the ith Gaussian in the mixture at
time t, 𝛍𝑖,𝑡 and 𝚺𝑖,𝑡 are the mean value and covariance matrix, respectively, of the ith
Gaussian in the mixture at time t, and 𝜂 is a Gaussian probability density function. In
the experiments, K is determined by the number of frames used for background modeling, and the covariance matrix is assumed to be of the following form: 𝚺𝑘,𝑡 = σ2𝑘 𝐈
3.2 Prior Term
Since a common constraint is that the labels should vary smoothly almost everywhere
while preserving sharp discontinuities that may exist, e.g., at boundaries [8], the costs
of the smoothness are assigned for discontinuity-preservation between two neighboring pixels, and we use a generalized Potts model [8]. As such, 𝑉𝑝,𝑝′ is defined as follows:
2

𝑉𝑝,𝑝′ = 𝑑𝑖𝑠(𝑝, 𝑝′)−1 𝑒 (−𝛽∙‖𝑝−𝑝′‖ ) ,
(2)
where the contrast term ‖𝑝 − 𝑝′‖2 denotes the dissimilarity between two pixels 𝑝 and
𝑝′, and 𝑑𝑖𝑠(∙) is the Euclidean distance between neighboring pixels in the image domain. When 𝛽 = 0, the smoothness term is simply the Ising model, which promotes

smoothness everywhere. However, it has been shown that it is more effective to set
𝛽 > 0, because this relaxes the tendency to smooth regions of high contrast. The constant 𝛽 is chosen to be 𝛽 = (〈‖𝑝 − 𝑝′‖2 〉)−1 , where 〈∙〉 denotes the expectation over an
image. This choice of 𝛽 ensures that the exponential term in Eq. 2 switches appropriately between high and low constants.
However, when the scene contains a cluttered background, notable segmentation
errors often occur around the boundary, which generates flickering artifacts in the
final results displayed in the virtual world [6]. These errors occur because the MRF
model contains two terms for color and two terms for contrast. A straightforward idea
is to subtract the contrast of the background image from the current image [6]. However, since only one background image is used for this approach, the nonstationary
background motion that is ubiquitous in the real world cannot be modeled.
To overcome this problem, the contrast of the background is modeled using the codebook-based algorithm described in Section 3.1. The difference is that the codebook
for the smoothness terms uses 𝑉𝑝,𝑝′ instead of I as input and does not use 𝐱𝑡 . This
means modeling contrasts between adjacent pixels. After modeling the contrasts, if
the contrasts of the input frame are within the ranges 𝑉�𝑚 and 𝑉�𝑚 of any codeword m,
then the contrast is considered to be background contrast, and 𝑉𝑠,𝑠′ is set 0. Otherwise,
𝑉𝑠,𝑠′ is set as the value of an input frame. This approach helps not only to eliminate the
flickering artifacts but also facilitates the use of the generalized Potts model.

4 Experimental Results
Background subtraction was used to generate a photorealistic avatar in the virtual
world for the WTS. Section 4.1 presents the resultant images displayed in the WTS,
and Section 4.2 presents a quantitative evaluation to verify the effectiveness of the
proposed method. All of the experiments were carried out on a 2.40-GHz Pentium 4
CPU.
4.1 Simulated Environment
The proposed method was based on the codebook-based method [7]. Images resulting
from use of the codebook-based method (Fig. 3(a)) and the proposed method are
shown in Fig. 3(b) and (b), respectively. As shown in Fig. 3, the results of the codebook-based method include some noise and holes in extracted regions. However, by
applying an edge-preserving MRF framework, the proposed method includes no noise
or holes and has clean boundaries. The photorealistic avatar, based on the resultant
images presented in Fig. 3(b), was integrated into the WTS as shown in Fig. 4. In
addition, MoG-based [2] and codebook-based [7] methods were compared to the
proposed method, as shown in Fig. 5.

(a)

(b)
Fig. 3 Resultant images of (a) the codebook-based method [7] and (b) proposed method.

Fig. 4. Photorealistic avatar integrated into a virtual building.

(a)

(b)
Fig. 5. Guide representation in a virtual building using (a) MoG- [2] and (c) codebook-based [7]
methods.

4.2 Qualitative Analysis
We tested four data sets described in [3]: Waving Trees, Camouflage, Time of Day,
and Moved Object. We chose these four sets because the background images to be
modeled might include nonstationary background motion, as in the Waving Trees and
Camouflage sets, and because the sequential background images might change gradually as a result of changing light conditions throughout the day, as in the case of the
Time of Day set. In the present study, in contrast to [3], moving objects are considered to be in the foreground, because the photorealistic avatar can use objects to
express information to the subject. In the experiments, codebook-based [7] and MoGbased [2] results were compared with the results of the proposed method, and the
results of these tests are shown in Figs. 6–9.

(a)
(b)
(c)
(d)
Fig. 6. Sample results for Waving Trees obtained using (a) the MoG-based method, (b) the
graph-cuts method using MoG, (c) the codebook-based method, and (d) the proposed method.

(a)
(b)
(c)
(d)
Fig. 7. Sample results for Camouflage obtained using (a) the MoG-based method, (b) the
graph-cuts method using MoG, (c) the codebook-based method, and (d) the proposed method.

(a)
(b)
(c)
(d)
Fig. 8. Sample results for Time of Day obtained using (a) the MoG-based method, (b) the
graph-cuts method using MoG, (c) the codebook-based method, and (d) the proposed method.

(a)
(b)
(c)
(d)
Fig. 9. Sample results for Moved Object obtained using (a) the MoG-based method, (b) the
graph-cuts method using MoG, (c) the codebook-based method, and (d) the proposed method.

The accuracy rates were evaluated by two criteria: the number of false positives
and the number of false negatives. The number of false positives is the number of
foreground pixels that were misidentified, and the number of false negatives is the
number of background pixels that were identified as foreground pixels. As shown in
Table 1, the proposed method had the best performance, except in the case of the
Time of Day data set, as shown in Fig. 8. Since brightness values were used to deal
with shadows, the proposed approach worked poorly in dark areas of images. Therefore, the leg regions of the human were not extracted by the proposed method. On the
other hand, since shadow regions are included in the results shown in Fig. 7, the proposed method had better performance than the MoG-based methods. The processing
times for each step of the proposed method are presented in Table 2. Approximately
nine frames per second could be extracted using the proposed method.
Table 1. False positives and false negatives (%)
MoG [3]
Codebook [7]
Fig. 9
Fig. 10
Fig. 11
Fig. 12

F. Positive
F. Negative
F. Positive
F. Negative
F. Positive
F. Negative
F. Positive
F. Negative

6.89
2.43
16.13
38.09
5.21
1.38
11.10
9.75

3.17
2.55
9.11
1.15
9.80
0.54
12.34
8.27

MoG +
graph cuts
3.08
0.18
5.88
19.27
2.18
0.91
5.11
9.33

Table 2. Processing times for each step of the proposed method (msec)
Codebook
Graph
MoG
Resolution
construction
construction
8
5
7
160×120
20
10
20
320×240

Proposed
method
0.02
0.04
0.0
0.93
11.2
0.09
1.57
8.12

Graph cuts
25
60

5 Conclusions
In the present paper, we proposed a codebook-based MRF model for background
subtraction to generate a photorealistic avatar displayed in the virtual world. Although
an edge-preserving MRF can eliminate the noise and generate suitable object boundaries, the MRF depends on how the likelihood terms in the energy function are estimated. The proposed method uses a codebook-based method to estimate the likelihood term, which not only reduces the required memory and enables real-time implementation. Moreover, the proposed method used online MoG to estimate the probability for each codeword, which resulted in minimization of the required memory, reduced noise, and clean boundaries. In addition, the proposed method enabled the
photorealistic avatar to be displayed clearly in the virtual world, as compared with
previously proposed methods, such as codebook and MoG.
However, the proposed method was not able to extract the foreground in dark regions because brightness values were used to handle shadows. Therefore, in future
studies, we intend to investigate how to extract the foreground in the dark regions
more effectively. Moreover, we intend to extend the proposed method to extract the
foreground inside a WTS that contains non-static backgrounds due to virtual world
displayed inside the WTS.
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