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Dynamic Codebook for Foreground
Segmentation in a Video

Worapan Kusakunniran !, Non-member and Rawitas Krungkaew 2, Member

ABSTRACT

The foreground segmentation in a video is a way to
extract changes in image sequences. It is a key task in
an early stage of many applications in the computer
vision area. The information of changes in the scene
must be segmented before any further analysis could
be taken place. However, it remains with difficul-
ties caused by several real-world challenges such as
cluttered backgrounds, changes of the illumination,
shadows, and long-term scene changes. This paper
proposes a novel method, namely a dynamic code-
book (DCB), to address such challenges of variations
in the background scene. It relies on a dynamic mod-
eling of the background scene. Initially, a codebook is
constructed to represent the background information
of each pixel over a period of time. Then, a dynamic
boundary of the codebook will be made to support
variations of the background. The revised codebook
will always be adaptive to the new background’s en-
vironments. This makes the foreground segmentation
more robust to the changes of background scene. The
proposed method has been evaluated by using the
changedetection.net (CDnet) benchmark which is a
well-known video dataset for testing change-detection
algorithms. The experimental results and compre-
hensive comparisons have shown a very promising
performance of the proposed method.

Keywords: Foreground, Segmentation, Video, Dy-
namic, Codebook

1. INTRODUCTION

The foreground segmentation aims to detect mov-
ing objects in a video sequence. It is a very impor-
tant step in many computer vision based applications
[1][2][3][4]. For example, in [1], to analyze the per-
formance of a tennis match, key events such as the
tennis ball being hit and the tennis ball bouncing on
the ground must be detected beforehand. In order
to detect such events, the foreground of the tennis
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ball must be extracted. This is where the foreground
segmentation will be employed. It is similar to the
work in [2] related to the application domain of the
traffic surveillance, the foreground of the vehicle must
be segmented before any further analysis such as the
count of vehicles, the calculation of average speed of
individual vehicle will be taken place. In [3][4], the
foreground or the movement of human must be ex-
tracted before being used in recognizing human gaits
and human actions respectively.

In addition, there are many techniques [5][6][7][8]
[9][10][11][12][13][14][15][16][17][18][19][20] proposed
to address the problem of the foreground segmenta-
tion in a video. For example, the method [5], namely
frame differencing, is one of the most conventional
techniques for the foreground segmentation. It works
well under the static background scene especially in
the indoor environment. The core concept is to detect
any movement in a scene by subtracting the current
frame from the previous frame. However, this tech-
nique cannot extract a full silhouette of a moving ob-
ject. It can detect only a moving part of an object.
Also, it has a difficulty in detecting an object that
moves with a very slow speed such as a movement of
a few pixels per dozen frames [6].

In [16], the performance of the foreground segmen-
tation is boosted by using the artificial neural net-
work to learn variations in the background scene. The
learning rate must be calibrated to match the nature
of each video scene. It is automatically chosen by
using the fuzzy technique and the coherence-based
self-organizing background subtraction algorithm. In
[17], the genetic programming is used to combine the
outputs of multiple foreground-detection algorithms.
The proposed technique will match the right algo-
rithm for the right video. As a result, it can achieve
the high performance based on the CDnet bench-
mark. However, several challenges of the foreground
segmentation still remain unsolved.

In [11], a Gaussian mixture model (GMM) is used
to model the background information in each pixel
of the video frame. This is performed under the as-
sumption that the GMM can model a variation of
background’s intensity values in each particular pixel
by using a multimodal background model. Then, the
likelihood of a pixel’s value being a part of back-
grounds or foregrounds will be determined based on
a simple heuristic of the constructed GMM of that
particular pixel. The one that does not fit to the
constructed GMM is identified as a foreground pixel.
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Otherwise, it will be identified as a background pixel.

The key advantage of this technique is that it can
deal with repetitive motions in background scenes.
The multimodal background model of the GMM can
be used to represent multiple surfaces appeared in
each particular pixel such as water surfaces. However,
it cannot easily and efficiently model fast variations in
background scenes with just a few Gaussians. More-
over, this technique also has to deal with the trade-
off issue on adjusting the learning rate. For the low
learning rate, the background model will be gradually
adjusted to the recent background scene. In this case,
it will have a difficulty in adapting the background
model to the sudden change in the background scene.
In contrast, for the high learning rate, the background
model will be rapidly adjusted to the recent back-
ground scene. It will make the slow-moving object
to be eventually absorbed into the background model
and faultily classified as a part of the background [12].

To overcome such limitation of the GMM-based
method, the codebook-based technique was adopted
for the foreground segmentation in a video by not
making use of any parametric parameters [12]. One
codebook will be constructed to model the back-
ground information of each pixel. It will consist of
one or more codewords. One codeword will represent
one variation of the background model in the scene.
For the background scene with the high variations,
the large number of codewords will be created for
each codebook during the training phase.

Then, in the testing phase, if a pixel’s value does
not belong to any codewords of the corresponding
codebook, then that pixel will be identified as the
foreground. The advantage of this technique is that it
can efficiently deal with a dynamic background scene.
However, it is not flexible enough to deal with a very
high dynamic background environment. Also, it can
suffer from the false negative foreground detection
due to its quantization criterion [13]. In [13][14][15],
the codebook-based method was improved by com-
bining with other techniques.

Based on our literature review, the challenge of
variations in the background scene is remaining un-
solved. It can be caused by the moving of the back-
ground scene itself such as waving trees and water
surfaces, or caused by the unstable camera. In this
paper, the DCB-based method is proposed to address
such challenge. The boundary of the codeword will
be adjusted and adapted to the content of the recent
background scene. In addition, the new codeword
can be created to represent a new background infor-
mation. Also, the existing codeword can be deleted if
it represents the out-of-date background information

It has been known that the evaluation is the cru-
cial process to identify the strength and weakness of
each method [19]. In this paper, the proposed method
has been evaluated based on the datasets and evalua-
tion approaches as described in the CDnet [18]. The
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experimental results and comprehensive comparisons
are carried out.

It can be concluded that the proposed method out-
performs the existing techniques in the literature re-
view, for the case of the baseline category contain-
ing the combination of mild challenges on the fore-
ground segmentation in a video, which are a subtle
background motion, isolated shadows, an abandoned
object, and stopping pedestrians for a short period.
Particularly, the proposed method is also shown to
be very promising on solving the challenges of the
unstable camera in the camera jitter category and
the strong background motion in the dynamic back-
ground category.

The rest of this paper is organized as follows. Sec-
tion 2 describes the details of the proposed method.
Section 3 shows the experimental results and the rel-
evant discussions. Then, the conclusion is drawn in
section 4.

2. THE PROPOSED DYNAMIC CODE-
BOOK (DCB)

The proposed DCB is explained in this section.
The DCB itself is for the background modeling.
Later, its models can be used for the foreground seg-
mentation in a video, which will be also explained
in the section 2.2 It is developed to overcome
the limitation of the conventional codebook-based
method [21] in order to address the challenge of
the dynamic background scene. The conventional
codebook-based method performs under the assump-
tion that the cylindrical codebook-model in RGB
color space can sufficiently model the pixel inten-
sity distortions. However, for the high-dynamic back-
ground scene, such variations of the background in-
formation cannot be coped by using the cylindrical
shape. To address this problem, the dynamic adjust-
ment of the codeword’s range/shape is embedded in
the development process of DCB.

2.1 Codebook

The framework of the codebook-based method is
shown in the algorithm 1. Omne codebook is con-
structed as the background model of each pixel. It
contains at least one codeword. Each codeword is rep-
resented by a range of pixel’s intensity values of the
background of that pixel. The number of codewords
for each codebook depends on a degree of variations
in the background scene of the training phase. The
high variation in the background pixel will result in
the high number of codewords for the corresponding
codebook. Thus, the codebook is created by observ-
ing changes of pixel’s intensity in video frames.

In this paper, to simplify the explanation, it is as-
sumed that the codebook is constructed for a particu-
lar pixel ¢ (CB;). Each codeword j (CW; ;) of CB; is
modeled by using the rgb vector v; ; = (7 5,9, bi ;)
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Algorithm 1 Construction of the codebook (CB;)
in the training phase

Input: The given video sequence of the background scene (V')
Output: The codebook (CB;)

1: Initialize CB; to be empty (i.e. contains no codeword)
2:  for (each frame ¢t in V')
3
4: Initialize flag = codeword not found
5: for (each codeword CW; ;)
6:
T if(6(1i 4, vi,5) < € and Inyin < It < Imaz)
8:
9: flag = codeword found
10:
11: }
12: if (flag = codeword found)
13: {
. L IxrigHr fXgii+g fxbii+b
14: vig = (T T T )
15: hi,j - (min(Ii,tyImin)zmax(li,tylmaz)yf +
1,neg, p,t)
16: {
17: else
18:
19: The new codeword for CB; is constructed
20:
21:

22: return CB;

and the hex-tuple h; ; (Imins Imaz, f,n€9,D,q),
where I,,,;, is the minimum brightness value assigned
to CWi j, Imaz is the maximum brightness value as-
signed to CW; ;, f is the frequency or the number of
times that CW; ; occurs, neg is the maximum nega-
tive run length (MNRL) which is the longest period
that CW; ; is not accessed, and p and g are the first
and the last access times of C'W; ; respectively. In
addition, the color space does not have to always be
rgb. It can be other color spaces such as laf as used
in this paper.

In the training phase, a video sequence of the back-
ground scene is used to construct codebooks as the
background models. If the training data sufficiently
covers most of possible background variations, then
the constructed codebooks will be robust to such vari-
ations during the process of the foreground segmen-
tation.

The training process of constructing the codebook
(CB;) begins with checking the pixel’s intensity value
I, = (r,g,b) from each background frame at time ¢
against each existing CW; ; based on the following
two criteria. First, as shown in the equation (1), the
color distortion (&) between I; ; and CW; ; is less than
the detection threshold ().

(5([1'7,57’[)7;,]‘) <€ (1)

The color distortion is calculated as shown in the
equation (2).

6T vig) = \IILd|P(L - cos20)  (2)

where ||I; ]| is the [2-norm of I;; as shown in the
equation (3) and cosf is the cosine similarity between
I;, and v; ; as shown in the equation (4). As in the

b - lisd b lub  lub + lusd

Il | |

The I channel of the codeword
alb - alsd alb  aub aub + ausd

The a channel of the codeword
Bib - BIsd  BIb Bub PBub + Busd

The B channel of the codeword

Fig.1: The structure of each codeword in DCB.
calculation, cosf is used to measure the similarity be-
tween I; ; and v; ;. Thus, 1 - c0s?6 is used to measure
the difference or the distortion between I; ; and v; ;.
The ||Z; ¢||* is used as the multiplication factor in the
equation (2), in order to geometrically normalize the
codeword’s vector (v; ;) to the brightness of the input
pixel (I; ;) [21].

= VPP )

|1t

Txri,j+gxgi,j+b><bi,j

V12 + g2 —l—b2,/ri2’j —l—gl-%j —l—b?’j

Second, the brightness of the input pixel is be-
tween the minimum and maximum brightness values.
If there is at least one C'W; ; that satisfies these two
criteria, then the corresponding v; ; and h; ; will be
updated as shown in the equations (5) and (6). Oth-
erwise, the new codeword will be created for this C'B;
by using the information of the input pixel.

In the testing phase, these two criteria are used
for segmenting the foreground from the background.
That is, if there is at least one C'W; ; that satisfies the
two criteria, the pixel will be classified as the back-
ground. Also, the corresponding v; ; and h; ; will be
updated as shown in the equations (5) and (6). Oth-
erwise, the pixel will be classified as the foreground.

(4)

cost) =

[Xrij+r fxXgi;+g fxb;+b
f+1 7 f+1 7 f41

) ()

vij = (

hi; = (min(1; ¢, Imin), maz(I; 4, Imaz ), f+1,neg,p,t)

(6)

2.2 Dynamic codebook (DCB)

In this paper, the DCB is developed under the laj
color space. The [ channel represents the illumination
information, while @ and 8 channels represent the
color information. This color space was shown to be
an effective choice for the process of foreground seg-
mentation in a video [22]. This is because, in the laf
color space, the chromatic component (i.e. « and 3)
is almost completely separated from the achromatic
component (i.e. 1) [23].
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Table 1: The symbols used in the structure of each
codeword in DCB.

Symbols Descriptions

l the pixel’s intensity value in the [
channel

« the pixel’s intensity value in the «
channel

B8 the pixel’s intensity value in the (8
channel

llb the lower bound of a codeword in the
[ channel

alb the lower bound of a codeword in the
a channel

Blb the lower bound of a codeword in the
£ channel

lub the upper bound of a codeword in
the [ channel

aub the upper bound of a codeword in
the o channel

Bub the upper bound of a codeword in
the 3 channel

llsd the standard deviation of |llb — |
over a training period

alsd the standard deviation of |alb — «f
over a training period

Blsd the standard deviation of |3lb — (|
over a training period

lusd the standard deviation of |lub — |
over a training period

ausd the standard deviation of |aub — «f
over a training period

Busd the standard deviation of |Sub — |
over a training period

Moreover, in the proposed DCB, the [ channel of
the codeword can be modeled to be more dynamic
than the a and 8 channels of the codeword. This
will make the DCB to be more robust to changes of
illumination in the background scene, when compared
with the rgb color space.

As mentioned, DCB has the key feature of the dy-
namic decision boundary of each codeword. Thus,
the range and/or shape of the codeword in the lafg
color space will be dynamically adjusted to the recent
context of the background environment. To simplify
the explanation, Fig. 1 illustrates the structure of
each codeword and Table 1 describes the meaning of
symbols used in DCB as shown in Fig. 1.

The structure of each codeword consists of three
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Table 2: The construction of a new codeword in
DCB. Note: 6 is a constant value for a new codeword
construction.

Components | Values
b -6
lub I+46
llsd )

lusd )
alb a—90
aub a+90
alsd 0
ausd 1)
Blb 8—9
Bub B+46
Blsd 1)
Busd 1)

Table 3: The seven measurements for the perfor-
mance evaluation.
Measurements Calculations
Re TPLFN
Sp TNLFP
FPR FRLTN
FNR TRLFN
PWC TPIFNA PPN
Pr TPT+7PFP
F1 e

channels according to the used color space i.e. lag.
In each channel of the codeword, there are two lay-
ers of the boundary in order to cope with variations
of the background in each pixel. The first layer is
ranged by using the lower bound and upper bound.
The second layer is extended from the first layer by
using the standard deviation of the variations of the
background.

This proposed DCB-based method has two phases
which are training and testing phases. They are de-
scribed in the following paragraphs.

2.2.1 The training phase

It needs a video sequence of the background scene
for constructing the codebooks CB;. For DCB, the
pixel’ values I;; = (I,a, ) from each background
frame at time t will be checked against each exist-
ing C'W; ; based on the following three conditions.

(11b — Ulsd) < 1 < (lub + lusd) (7)
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Algorithm 2 The updates of the matched codeword
CWZ‘J‘ in DCB
Input: The pixel’ values I;; = (I, a, ) from each background

frame at time ¢
Output: The updated codeword CW; ;

10 if (b —lsd) <1< (lub+ lusd)
2: |

3 if (I <1b)
4
5: 1Ib = 1lb — llsd
) _ (Usdx f)+k(1lb—1)
6: llsd = —T
7 }
8 if (I > lub)
9:
10: lub = lu(b + lusgl ( )

. _ (lusdX f)+k(l—lub
11: lusd = —
12: }

13: }

14: iof (adb — alsd) < a < (aub + ausd)

15:

16: if (a < alb)

17:

18: alb = alb — als)d ( )

. _ (alsdx f)+k(alb—a
19: alsd = —
20: }

21: if (> aub)
22:
23: aub = oa(Lb + au(;d ( )

. _ (ausdX f)+k(a—aub
24: ausd = g
25: }

26: }

27: iof (Blb— Blsd) < B < (Bub + Busd)
28:

29: if (B < Blb)

30:

31: Blb = Blb — Blsd

. _ (Blsdx f)+k(Blb—p)
32: Blsd = B = pa—
33: }

34: if (8> Pubd)
35: {
36: Bub = Bub + Pusd

. _ (BusdXx f)+k(B—Bub)
37: Busd = %
38:

39:
40: return CW; ;
(alb — alsd) < a < (aub + ausd) (8)

(Blb — Blsd) < B < (Bub + Pusd) 9)

If there is no codeword that satisfies with these
three conditions, a new codeword of C'B; will be cre-
ated as shown in Table 2. Otherwise, the matched
codeword will be updated as shown in the algorithm
2. In the Table 2, the constant value (§) for the con-
struction of a new codeword is empirically adjusted.
In this paper, it is set to be 5.

2.2.2 The testing phase

In the testing phase, for each pixel ¢ in a current
frame, if it belongs to any codeword of C'B; by satisfy-
ing the three conditions in the equations (7), (8) and
(9), then it will be classified as the background pixel.
Otherwise, it will be classified as the foreground pixel.
If the pixel is classified as the background, it will be

used to update the matched codeword as shown in
the algorithm 2.

In the algorithm 2, k is the learning factor for
updating the value of the standard deviation of the
pixel’s intensity value away from the corresponding
codeword. In this paper, k is empirically set to be
1. Therefore, the codewords and codebooks modeling
the background will be dynamically updated based on
the changes of the scene. That means, the DCB has
a property to deal with variations of the background
in a cluttered environment.

In addition, the out-of-date codeword can be
deleted from the corresponding codebook. In this
case, the out-of-date codeword means the codeword
in which there is no any pixels belong to it for a pe-
riod of time which can be empirically adjusted. In
this paper, this period of time is set to be 50 frames.
However, the out-of-date codeword will not deleted if
it is the only one codeword left in the corresponding
codebook.

3. EXPERIMENTAL RESULTS

In this paper, the CDnet benchmark [18] is used
to evaluate the performance of the proposed method.
The results of the foreground segmentation by using
the proposed method are compared with the ground
truth provided by the CDnet. The performance of
the proposed method is also compared to the perfor-
mances of the other existing methods in the litera-
ture review, using the same CDnet dataset. The CD-
net dataset provides realistic, camera capture videos
(with no CGI) from both indoor and outdoor envi-
ronments with various camera ranging. The dataset
of the six categories provides about 70,000 frames in
31 videos. The six categories are baseline, dynamic
background, camera jitter, shadows, intermittent ob-
ject motion and thermal.

The baseline category contains a combination of
mild challenges on the foreground segmentation in
a video, as can be seen in Fig. 2. The challenges
include a subtle background motion, isolated shad-
ows, an abandoned object, and stopping pedestrians
for a short period. The dynamic background cate-
gory contains a strong background motion such as a
shimmering water and a shaking tree. The camera
jitter category contains videos recorded by unstable
cameras. The intermittent object motion category
contains scenes of topping pedestrians for a short pe-
riod or suddenly start moving pedestrians. The shad-
ows category contains strong shadows and the ther-
mal category contains videos recorded by far-infrared
cameras.

This paper focuses on the baseline dataset. This
is because the proposed method has been developed
for the normal scenes and the scenes with mild to
medium variations caused by several challenges as
mentioned above for the baseline category. While
the other five categories focus on the strong varia-
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The sample segmented foreground images by using the proposed method, the IUTIS-1 [17] and the

multimode background subtraction [24], compared with the ground truth images. (a) Original images. (b)
Ground truth images. (c) Segmented images by using the proposed method. (d) Segmented images by using
the ITUTIS-1 [17]. (e) Segmented images by using the multimode background subtraction [24].

tion of its only type. However, the additional exper-
iments and comparisons are also carried out under
these five categories of the dataset, in order to prelim-
inarily analyze the results of applying the proposed
method on the strong variations. Moreover, the pro-
posed method will be further developed in the future
work to cope with such strong variations.

The seven measurements are used to calculate the
average ranking and performance across all meth-
ods in the CDnet. As described in Table 3, they
are Recall (Re), Specificity (Sp), False Positive Rate

(FPR), False Negative Rate (FNR), Percentage of
Wrong Classifications (PWC), Precision (Pr), and F-
Measure (F1). These seven measurements are calcu-
lated based on the four measurements of True Positive
(TP), True Negative (TN), False Positive (FP), and
False Negative (FN).

The TP, TN, FP and FN are calculated by com-
paring the segmentation result based on the proposed
method with the ground truth. TP is calculated
based on the foreground pixels that are correctly iden-
tified as the foreground. TN is calculated based on



150 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.10, NO.2 November 2016

Table 4: The performance comparisons between the proposed method and the other existing methods in the
literature review, based on the baseline video category from the CDnet benchmark.

Average | Average | Average | Average | Average | Average | Average

Method Re Sp FPR FNR PWC F1 Pr
Multimode Back- | 0.9158 0.9979 0.0021 0.0842 0.4361 0.9287 0.9431
ground Subtraction
24]
IUTIS-1 [17] 0.9214 0.9979 0.0021 0.0786 0.4538 0.9298 0.9391
SOBS-CF [25] 0.9347 0.9978 0.0022 0.0653 0.3912 0.9299 0.9254
FTSG [26] 0.9513 0.9975 0.0025 0.0487 0.4766 0.9330 0.9170
Spectral-360 [27] 0.9616 0.9968 0.0032 0.0384 0.4265 0.9330 0.9065
M4CD Version 1.5 | 0.9521 0.9975 0.0025 0.0479 0.4402 0.9272 0.9057
28]
CwisarDRP [29] 0.8580 0.9981 0.0019 0.1420 0.8778 0.8880 0.9347
CwisarDH [30] 0.8972 0.9980 0.0020 0.1028 0.5679 0.9145 0.9337
AAPSA [31] 0.9092 0.9979 0.0021 0.0908 0.5826 0.9183 0.9286
M4CD Version 1.0 | 0.9382 0.9976 0.0024 0.0618 0.4934 0.9204 0.9063
(28]
C-EFIC [32] 0.9455 0.9970 0.0030 0.0545 0.5201 0.9309 0.9170
KDE-ElGammal [11] | 0.8969 0.9977 0.0023 0.1031 0.5499 0.9092 0.9223
EFIC [33] 0.9349 0.9971 0.0029 0.0651 0.5223 0.9172 0.9023
Mahalanobis distance | 0.3154 0.9991 0.0009 0.6846 2.8698 0.4642 0.9270
(34]
KNN [35] 0.7934 0.9979 0.0021 0.2066 1.2840 0.8411 0.9245
CP3-online [36] 0.8501 0.9972 0.0028 0.1499 0.7725 0.8856 0.9252
RMoG [37] 0.7082 0.9981 0.0019 0.2918 1.5935 0.7848 0.9125
AMBER |[38] 0.8784 0.9973 0.0027 0.1216 0.9233 0.8813 0.8980
IUTIS-2 [17] 0.7452 0.9978 0.0022 0.2548 1.5115 0.7913 0.9100
Euclidean  distance | 0.8385 0.9955 0.0045 0.1615 1.0260 0.8720 0.9114
[34]
GMM (Zivkovic) [39] | 0.8085 0.9972 0.0028 0.1915 1.3298 0.8382 0.8993
Multiscale Spatio- | 0.8137 0.9970 0.0030 0.1863 1.1478 0.8450 0.8870
Temporal BG Mode
[40]
GMM (Stauffer and | 0.8180 0.9948 0.0052 0.1820 1.5325 0.8245 0.8461
Grimson) [41]
GraphCutDiff [42] 0.7028 0.9960 0.0040 0.2972 1.9757 0.7147 0.8093
The proposed | 0.9456 0.9975 0.0025 0.0544 0.4366 0.9359 0.9272
method (DCB)

the background pixels that are correctly identified as
the background. FP is calculated based on the fore-
ground pixels that are incorrectly identified as the
background. FN is calculated based on the back-
ground pixels that are incorrectly identified as the
foreground.

The sample segmented foreground images by us-

ing the proposed method are shown in Fig. 2. They
are from four different videos including highway, of-
fice, pedestrians, and PETS2006 in the CDnet bench-
mark. The results shown in Fig. 2 demonstrate the
efficiency and robustness of the proposed method un-
der various movements and conditions of the back-
ground scenes.
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Table 5:
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The precision comparisons between the proposed method and the other existing methods in the

literature review, based on the other five categories from the CDnet benchmark including 1) dynamic background
(DB), 2) camera jitter (CJ), 8) shadows (SD), 4) intermittent object motion (I10) and 5) thermal (TM). The
average precision from the five categories (Avgl) and the average precision from the two categories of dynamic
background and camera jitter (Avg2) are shown in the last two columns respectively.

Method DB CJ 10 SD ™ Avgl Avg2
Multimode Back- | 0.8651 0.8443 0.7827 0.3481 0.8268 0.7334 0.8547
ground Subtraction

24]

IUTIS-1 [17] 0.3305 0.5299 0.5485 0.6032 0.9245 0.5873 0.4302
SOBS-CF [25] 0.5953 0.6405 0.5464 0.5899 0.8715 0.6487 0.6179
FTSG [26] 0.9129 0.7645 0.8512 0.5005 0.9088 0.7875 0.8387
Spectral-360 [27] 0.8456 0.8387 0.7374 0.5815 0.9114 0.7829 0.8422
CwisarDRP [29] 0.8723 0.8713 0.8543 0.5773 0.9116 0.8174 0.8718
CwisarDH [30] 0.8499 0.8516 0.7417 0.5547 0.8786 0.7753 0.8508
AAPSA [31] 0.7336 0.8021 0.7139 0.5877 0.8795 0.7434 0.7679
M4CD Version 1.0 | 0.6806 0.7901 0.8000 0.5590 0.9452 0.7550 0.7354
28]

C-EFIC [32] 0.6993 0.8157 0.5823 0.4791 0.8690 0.6891 0.7575
KDE-ElGammal [11] | 0.5732 0.4862 0.4609 0.6217 0.8974 0.6079 0.5297
EFIC [33] 0.6849 0.6389 0.5634 0.4846 0.849 0.6442 0.6619
Mahalanobis distance | 0.7451 0.8564 0.5098 0.8726 0.9932 0.7954 0.8008
34

KNN [35] 0.6931 0.7018 0.7121 0.3979 0.9186 0.6847 0.6975
CP3-online [36] 0.6122 0.4562 0.5631 0.5914 0.7663 0.5978 0.5342
RMoG [37] 0.7288 0.7605 0.8026 0.3097 0.9365 0.7076 0.7447
AMBER [38] 0.7990 0.8493 0.7530 0.4658 0.8514 0.7437 0.8242
TUTIS-2 [17] 0.5564 0.7184 0.8374 0.4480 0.9395 0.6999 0.6374
Euclidean  distance | 0.4487 0.3753 0.4995 0.5763 0.8877 0.5575 0.4120
34)

GMM (Zivkovic) [39] | 0.6213 0.4872 0.6458 0.5428 0.8706 0.6335 0.5543
Multiscale  Spatio- | 0.5515 0.3979 0.6016 0.5282 0.8403 0.5839 0.4747
Temporal BG Mode

[40]

GMM (Stauffer and | 0.5989 0.5126 0.6688 0.5352 0.8652 0.6361 0.5558
Grimson) [41]

GraphCutDiff [42] 0.5357 0.5918 0.8315 0.4260 0.9111 0.6592 0.5638
The proposed | 0.7632 0.9107 0.5291 0.3706 0.8502 0.6848 0.8370
method (DCB)

As shown in Fig. 2, in the highway video, the
segmentation performances of the three methods are
equally good. However, the proposed method is
shown to be better than the IUTIS-1 [17] and the mul-
timode background subtraction [24] methods, in the
office, pedestrians and PETS2006 videos. The pro-
posed method can provide good quality segmented
silhouettes, when compared with the results of the

two methods [17][24].

In the row 3 of Fig. 2 (d), for the office video, the
TUTIS-1 [17] incorrectly segments the shadow as the
foreground. In the row 4 of Fig. 2 (d), for the of-
fice video, the TUTIS-1 [17] generates the incomplete
silhouette.

In the row 5 of Fig. 2 (e), for the pedestrians video,
the multimode background subtraction [24] generates
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the incomplete silhouette. The human silhouette is
cut into two parts. Similarly, in the row 6 of Fig. 2
(d), for the pedestrians video, the TUTIS-1 [17] also
cuts the human silhouette into two parts.

In the rows 7 and 8 of Fig. 2 (d) and (e), it can be
seen that the IUTIS-1 [17] and the multimode back-
ground subtraction [24] cannot provide the complete
silhouettes.

Based on the ‘highway’ video, the proposed
method is shown to be robust to the shadow of the
trees, the small movement of the background (i.e. the
moving trees), the fast moving objects (i.e. the mov-
ing cars), the small and far moving objects, and the
outdoor environment. Based on the ‘office’ video, the
proposed method is shown to be robust to the slow
moving objects, and the indoor environment. Based
on the ‘pedestrians’ video, the proposed method is
shown to be robust to the variation of the daylight.
It is also shown to be able to provide the clean silhou-
ettes of the human body. Based on the ‘PETS2006’
video, the proposed method is shown to be able to
work well under the conditions of the top camera-
view. Also, it can segment the group of people and
the unattended object.

In addition, the comprehensive comparisons be-
tween the performance of proposed method and the
performance of the existing methods in the literature
review are shown in Table 4. This is done based on
the baseline video category provided by the CDnet.
In Table 4, it can be seen that the proposed DCB-
based method outperforms the other existing meth-
ods, in average (i.e. reported by the CDnet). This av-
erage ranking is calculated by averaging the ranks of
the method in Re, Sp, FPR, FNR, PWC, Pr and F1.
The proposed DCB achieves very high recall, speci-
ficity and precision of 94.56%, 99.75% and 92.72%
respectively.

Table 5 shows the precision comparisons between
the proposed method and the other existing meth-
ods in the literature, based on the other five cate-
gories from the CDnet benchmark including 1) dy-
namic background (DB), 2) camera jitter (CJ), 3)
shadows (SD), 4) intermittent object motion (I0),
and 5) thermal (TM). For the camera jitter category,
the proposed method achieves the highest precision,
when compared with the other existing methods in
the literature. Its performance is also promising for
the categories of dynamic background and thermal.
This is because the proposed DCB can adapt quickly
to the changes of the background. Multiple code-
words are created to model variations of the back-
ground in each pixel of the scene, which can be caused
by the camera jitter and/or the dynamic background
itself. The dynamic of the codewords can make it
quickly handle the variations of the background.

However, the proposed method cannot achieve the
good performance for the shadow category. This is
because the proposed DCB is explicitly developed to

address the challenge of the variations in the back-
ground scene, not particularly for the shadow. In
the future work, to handle the case of the shadow,
the DCB can be modified especially in the luminance
channel of the codewords, or the additional technique
of the shadow removal can be applied to the segmen-
tation results.

In Table 5, the average precision from the five cat-
egories (Avgl) and the average precision from the two
categories of dynamic background and camera jitter
(Avg2) are displayed in the last two columns respec-
tively. The Avg2 is used to validate the performance
of the techniques for the challenge of the variations
in the background scene, which is the focus of this

paper.

As shown in Table 5, based on the Avgl and
Avg2, the proposed method is shown to outper-
form many methods in the literature. In addition,
when compared with [17][28][31][32][35], the proposed
method achieves the lower precision in average from
the five categories, but it can achieve the signifi-
cantly higher precision in average from the two cat-
egories. When compared with [34][37][38], the pro-
posed method can achieve the slightly higher pre-
cision in average from the two categories, however,
it can perform significantly better in the case of the
baseline category (as shown in Table 4). When com-
pared with [24][26](27][29][30], the proposed method
achieves the lower precisions in both cases of Avgl
and Avg2, however, it can perform better in the case
of the baseline category (as shown in Table 4).

4. CONCLUSION

In this paper, the DCB-based foreground segmen-
tation method in a video is proposed. It is devel-
oped to overcome the limitation of the conventional
codebook-based method. The variations in back-
ground scenes are coped by using the dynamic bound-
ary of each codeword in the DCB. Thus, the pro-
posed method can be more robust under the cluttered
environments in the real scenes. It can cope with
the variations in the background scene. The CDnet
benchmark is used to evaluated the performance of
the proposed method. It has been shown that the
proposed method achieves a very promising perfor-
mance by outperforming other existing methods in
the literature, for the case of the baseline category
which contains the mild challenges of a subtle back-
ground motion, isolated shadows, an abandoned ob-
ject, and stopping pedestrians for a short period. The
proposed method is also shown to be very robust for
the case of strong variations in the background scene
caused by the unstable camera and the dynamic back-
ground in the camera jitter and dynamic background
categories respectively.
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