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Abstract—TIt is important to extract a clear background for
computer vision and augmented reality. Generally, background
extraction assumes the existence of a clean background shot
through the input sequence, but realistically, situations may vio-
late this assumption such as highway traffic videos. Therefore,
our probabilistic model-based method formulates fusion of can-
didate background patches of the input sequence as a random
walk problem and seeks a globally optimal solution based on
their temporal and spatial relationship. Furthermore, we also
design two quality measures to consider spatial and temporal
coherence and contrast distinctness among pixels as background
selection basis. A static background should have high tem-
poral coherence among frames, and thus, we improve our
fusion precision with a temporal contrast filter and an optical-
flow-based motionless patch extractor. Experiments demonstrate
that our algorithm can successfully extract artifact-free back-
ground images with low computational cost while comparing to
state-of-the-art algorithms.

Index Terms—Background estimation, background extraction,
background initialization, image fusion, random walk (RW).

I. INTRODUCTION

BJECT identification and tracking [1]-[7] often require

to separate foreground objects from a background image
before any further processing. Although there are research
approaches such as those from the computer vision and pattern
recognition Change Detection workshop [8]-[10] and from
IEEE TRANSACTIONS ON CYBERNETICS [11], [12] focus-
ing on utilizing a few frames to model the background and
foreground information without extracting a clear background,
the success of a clear background extraction can surely fur-
ther improve the performance of foreground patch detection.
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In addition to differentiating the background and foreground
information, some research also desires a clear background
image in a complex scene with various moving objects for
generation of special effects. For example, when visiting a
popular tourist attraction point, people would like to have a
photo without other tourists or moving objects [13]. Based
on the above-mentioned reasons, there is a need to extract
background information from a complex scene. Similar to [14]
and [15], we develop a novel background extraction algorithm
under the following assumptions.

1) The video sequence is taken by a static camera, i.e., all
camera parameters including focal length, field of view,
location, orientation, etc. are fixed.

2) Only foreground objects could be moving during the
shooting period and static objects are part of the back-
ground.

3) Those background pixels must show up in at least one
frame during the shooting sequence.

Furthermore, most algorithms make an extra assumption
that there exist frames containing no foreground object or
there are clean background shots in the beginning of the video.
However, this assumption is nearly impossible for certain sce-
narios. For example, surveillance cameras shoot at a busy high
way or the path way of a train station. Therefore, this paper
focuses on solving these issues for acquisition of a clean
and artifact-free background image from a video containing
complex foreground occlusion and movement.

Traditional background extraction can be categorized into
pixel-based, patch-based, and hybrid methods. Pixel-based
methods [18] ignore spatial coherence to cause blurring
and misdetection artifacts as shown in the first column
of Fig. 1. Although patch-based methods [14], [19]-[21]
improve pixel-based methods, shooting conditions could still
affect correct background detection and result in blocking arti-
facts and seams as shown in the second column of Fig. I.
Chen and Aggarwal [16] combined advantages from both cat-
egories, but the algorithm may blur the results due to false
selection of possible candidate pixels as shown in the third
column of Fig. 1. Our system overcomes these issues by
formulating background extraction as image fusion using gen-
eral random walk (RW) with “harmonic weighting” to label
each pixel from different frames, i.e., estimating the proba-
bility of a site (e.g., a pixel) being assigned a label based
on known information. The proposed fusion algorithm has
low computational complexity and produces a final fused
background image with fine details and an optimal balance
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Fig. 1. Two exemplar results generated by a pixel-based median fil-
ter, a patch-based PBI method [14], and a hybrid method proposed by
Chen and Aggarwal [16], and an image inpainting tool provided by Adobe
Photoshop [17], respectively. The median filter method generally leaves blur-
ring artifacts, the patch-based method generally has obvious seams along
the block boundaries, the hybrid method still has blurring artifacts, and the
inpainting method leaves blurring and incorrectly filling artifacts in the gap.

between two quality measures. In order to avoid blocking and
blurring artifacts, we design two quality measures to consider
coherence and distinctness among pixels. Furthermore, motion
provides important hints about whether pixels belonging to a
foreground object or not and thus, we design two different
methods, temporal contrast estimation and optical-flow-based
motionless patch extraction, to take the temporal coherence
into consideration. When comparing the performance of each
motion measure, we find that motionless patch extraction
can almost remove all ghosting artifacts. Finally, when com-
paring to results generated by state-of-the-art algorithms,
our approach can successfully extract clear and high-quality
background images at low computational cost.

This paper makes the following contributions. First, we
improve the fundamental tool for other computer vision
research: precise background extraction from a video sequence
with complex and occluded foreground object movements.
Second, the core of our method is to formulate the problem
as a probabilistic RW model to merge patches into a clean
background image by considering contrast sensitivity, intensity
consistency, and temporal coherence. Furthermore, we pro-
pose two methods to consider the temporal coherence among
different frames including temporal contrast and motionless
patch extraction. Finally, we also provide a mechanic to
compute ground truth backgrounds from shooting frames
for performance comparison among different algorithms. As
demonstrated in the results, our system can extract a artifact-
free background image from a complexly occluded video
sequence while comparing to other algorithms.

The rest of this paper is organized as follows. Section II
reviews those previous research done related to this paper.
Sections III and IV present the details of our RW back-
ground extraction method. Section V shows the results of
our algorithm and comparisons to other state-of-the-art meth-
ods. Section VI concludes with a discussion of limitations and
future works.

II. RELATED WORK

Background extraction is a research topic for computer
vision and object detection and identification, and there are a
large number of different research. In the following, we discuss
those research directly related to ours.
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A. Background Extraction

There are a large number of background extraction meth-
ods. For example, there are research in the Scene Background
Modeling and Initialization (SBMI) workshop [22] aiming at
background initialization, and Maddalena and Petrosino [23]
provided a survey on background extraction with a static
camera. For clarity, Toyama et al. [24] categorized back-
ground extraction into pixel-based and patch-based methods.
Pixel-based methods process each pixel individually and
independently. For example, a simple median filter can be
applied for each pixel for background detection from values
of different frames. Long and Yang [18] used the length of
a pixel’s consecutive period of similar intensity to determine
its background pixel value. Yang et al. [25] proposed the
Pixel-to-Model (P2M) paradigm and developed the P2M
distance to indicate background pixels. Sobral et al. [26]
provided a comparison of several matrix completion algo-
rithms on the SBMI dataset [22]. Although pixel-based
methods are computationally efficient, they ignored the spa-
tial coherence and affection among other pixels. As a result,
there are serious artifacts such as blurring and misdetection
existing in the extracted background image when the scene
contains complex movement and occlusion. Additionally,
when foreground objects first stop and then move or move
and stop, the detection may be problematic. Our algorithm
uses color consistency measure to consider the relationship
among neighboring pixels and find a balance using the global
optimization of the RW framework.

Patch-based methods determine the background color of
a pixel based on the information collected from a patch
of pixels. Colombari and Fusiello [14] used sum of square
distance (SSD) to group pixels in the temporal domain and
apply visual grouping to spatially select proper object patches
to composite the background. Reddy er al. [19], [20] also
used SSD to group pixels in temporal domain but they select
background colors based on features of frequency response
instead of visual grouping. Ortego ef al. [21] used motion
filtering and dimensionality reduction trained by a set of
labeled data to obtains a set of candidate blocks and spatially
reconstruct the background image with these candidates.
Although patch-based methods can improve the precision of
background selection by using its neighboring information,
shadows, reflections, fluctuation in lighting, and complex
movement could still affect correct background detection.
Additionally, when working on patches, all information is
determined as a patch. Blocking artifacts and seams easily
show up between two consecutive blocks. Our algorithm
overcome these limitations by using temporal coherence and
contrast consistency as measures.

Furthermore, Chen and Aggarwal [16] combined both
patch-based and pixel-based concepts to average a set of
selected pixels from neighboring regions and consecutive
frames for the pixel’s background color. However, the
algorithm may still blur the extracted background due to
false selection of possible candidate pixels. Therefore, we
use “harmonic weighting” based on contrast sensitivity and
color consistency to consider pixel coherence for avoidance
of blurring and blocking artifacts.
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Our system first analyzes a sequence of frames based on pixel-based motion analysis such as optical flow analysis. We incorporate these motion

information into RW for the construction of probability maps. Our algorithm uses the probability maps to fuse the frames into a clean background image.

B. Background Extraction Datasets and
Algorithmic Analysis

In order to examine the effectiveness of different back-
ground extraction algorithms, the SBMI workshop [22]
provides the scene background initialization (SBI) dataset [27]
for quantitative evaluation of the results. Furthermore,
Maddalena and Petrosino [28] used the SBI dataset and
proposed a common set of metrics to compare six back-
ground initialization methods. They give detailed analysis of
the video contents and experimental results with these differ-
ent methods. We analyze our algorithm with the SBI dataset
and use Maddalenas six metrics to compare against other
state-of-the-art algorithms.

Image inpainting such as [29] and [30] which is the pro-
cess of reconstructing lost or deteriorated parts of images and
videos can be used to repair those foreground-covered regions.
Although the inpainted result might look real, the algorithm
synthesizes the missing pixels from neighboring information
which may deviate from the correct background information.
The fourth column of Fig. 1 shows two examples. For each
pixel, our algorithm select correct information from different
frames to faithfully reconstruct the background image.

Image fusion merges pixels from different images to form
a complete one and is employed in various applications.
Different types of sensors such as computed tomography and
magnetic resonance imaging or visible-band and infrared have
different advantages themselves. Kumar and Dass [31] and
Zheng et al. [32] combined information from multimodality
sensors to preserve all relevant information. Because the optics
of lenses have limited depth of field, it is often too difficult to
make all relevant objects be in focus in an image. Therefore,
Li et al. [33] and Zhao et al. [34] combined information from
multifocus images to create a single image having objects
in the scene be in focus. There are also research [35]-[38]
merging details of the same scene revealed under different
exposures to create images of a high dynamic range (HDR).
Qin et al [37] proposed patch-based exposure fusion
to preserve the moving objects of dynamic scenes.

Shen et al. [38] used the hybrid weight to produce a high
quality image from different exposure images. Although
researchers propose general fusion approaches [39], [40],
none of them focuses on generating a clean background
image. RW is widely applied in computer vision, such as
image segmentation [41]-[43], video segmentation [44], visual
saliency [45], visual tracking [46], and image fusion [47], [48].
Shen et al. [42] proposed lazy RW to obtain global probabil-
ity maps and used a commute time strategy to segment weak
boundaries and complicated texture regions. Dong et al. [43]
proposed sub-Markov RW with a label prior to solve the seg-
mentation problem of objects with thin and elongated parts.
Liang et al. [44] proposed a novel video supervoxel generation
algorithm using partially absorbing RWs and a built Laplacian
optimization structure. This paper reformulates the generalized
RW (GRW) framework proposed for image segmentation [41]
and multiexposure merging for HDR images [48] to calculate
an optimal set of probabilities subject to two quality measures,
local and temporal contrast and color consistency. The local
and temporal contrast measure preserves details in the extrac-
tion and considers the temporal relationship among frames; the
color consistency measure considers consistency in a neigh-
borhood and consistency with the natural scene. The proposed
method can produce a final fused background image with
fine details and an optimal balance between the two quality
measures with low computational complexity.

III. METHOD

Although a video sequence of complex foreground occlu-
sion and movement may not contain a clear shot of the
background, there are still clean patches of the background.
As shown in Fig. 2, we stitch these candidate patches together
with probabilistic composition image fusion. For a static cam-
era, we assume a static background, and thus, pixel motion
analysis and estimation assist the elimination of foreground
pixels. Therefore, we design two pixel motion estimation
methods including temporal contrast analysis and motion-
less patch extraction derived from optical flow analysis.
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Motion analysis takes the temporal coherence into consid-
eration for the compatibility measure along with contrast
consistency for distinct and static background analysis. Along
with the spatial color consistency measure, our algorithm
applies RW analysis to balance these two measures among
pixels and regions for the construction of a probability map
for all frames. We obtain the final probabilities by seeking
a global optimization solution of the proposed GRWs. These
probability maps serve as weights in the linear fusion pro-
cess to produce the final fused image. The following sections
explain the details of each step.

A. Problem Formulation

In this paper, we formulate background reconstruction as an
image fusion problem of a probabilistic composition process.
We denote a video sequence as Z = {I', ..., IX} where each
frame has N pixels. We denote a set of corresponding labels as
L= {l], ..., [X} where a label, ¥ € £, indicates the selection
of I¥ € Z. Our algorithm reconstruct a background image, I*,
using probabilistic composition of input frames as

K
I =Y Pl (D

k=1

where 7 is the pixel index with its image coordinate of
p; = (xi,yi), and Pé‘ L PE = lk|I), in which &; is the ith
variable coming from a defined corresponding label map E,
denotes the probability of a pixel being assigned the label
of ¥ given T with Zszl Pf = 1. This helps us transform
background fusion to compute marginal probabilities when the
given input video is subject to our designed quality measures
for achieving an optimal balance among different considera-
tions. Previously, patch-based algorithms [14], [19] choose a
fixed probability for each patch of all frames to form the back-
ground based on local criteria, the blocking artifacts and seams
are serious on the formed background image. Therefore, we
propose a global optimal fusion algorithm based on GRW to
relieve these artifacts. Experiments (Section V) show that the
results generated by the proposed probabilistic fusion tech-
nique are better than those by other background extraction
algorithms.

B. Random Walks for Background Extraction

RW is a statistical model and uses probabilistic random
walking to form a series of tracks for determining spectacular
connections among unseed and seed nodes. RW is first used
for texture discrimination [49], algebraic potential determina-
tion [50], image segmentation [41]-[43], and multiexposure
HDR fusion [48]. This paper follows the same concept to for-
mulate the selection of pixels as an RW probability problem.
According to past research [51], [52], to determine the prob-
ability of nodes achieved by RW is equivalent to find the
solution of the corresponding Dirichlet question by setting
those labeled seed nodes to unity and others to zero [53], [54],
and we can estimate a probability map for each pixel from each
frame by solving the Dirichlet problem. The following gives
the details of the structure, relation, and solution.

IEEE TRANSACTIONS ON CYBERNETICS

Fig. 3. Graph structure of the RW model used in our algorithm. Orange dots
are variable nodes denoted as &;, yellow nodes are label nodes denoted as /;,
red lines are variable edges denoted as y;j, and green lines are label edges
denoted as zji.

1) Frame Graph Representation: The RW model is built
based on a graph structure, and thus, we first give the detailed
definition of the frame graph used in this paper. As shown in
Fig. 3, we present the relationship among all variables in the
variable set & and the label set £ as a weighted undirected
graph similar to the graph used by Shen et al. [48]. We con-
struct the graph, G = (V, &), with vertices, V = L U &, and
edges, £ =V x V. Our algorithm marks variable vertices with
orange dots and label vertices with yellow dots. There are vari-
able edges, £z, connecting a variable vertex to its immediate
four-connected variable vertices marked as red lines and label
edges, £, connecting a variable vertex to all labels marked as
green lines. We then define two measures: 1) y;; £ y(&, &;) for
evaluating the spatial similarity of a variable edge connecting
& and & in £z and 2) zj £ 2(&, ) for evaluating the com-
patibility of a variable edge connecting & and ¥ in £. The
detailed definitions of spatial similarity y; and compatibility
zix are shown in Sections III-C1 and III-C2.

2) Probability Computation From Dirichlet Solution: Let )V
be organized as follows: the first K nodes are the label nodes,
ie.,, L ={vi,..., vk}, and the last N nodes are variable nodes,
ie., & = {vk+1,..., vk+n}. Based on RW definition [53], we
define the total energy for the system in Fig. 3 as

Z r,-j(u(vi) — u(vj))2 2)

(Vi,Vj)Eg

E=—

where u(-) is the unknown potential defined in E to minimize
E, and ry; is the compatibility function defined as

3)

) nizi-k,, Vi, Vj € 55 AVj € L
=
/ TYi-Kj-K> Vi:Vj € €

where 71 and 1 are two user defined constants to balance
the energy, and we choose 1.0 and 1.0, respectively, for the
entire study. After selecting 7y and 1 and defining y; and
Zik, our algorithm solves u’s by finding a harmonic func-
tion, V2u = 0, in a similar manner as described in previous
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research [41], [48]. We define a Laplacian matrix, L, as

d; ifi=j
L,:/' =1 T, if (V,‘, Vj) eé 4)
0,  otherwise
where d; = ) r; is the degree of the ith vertex over all

incident edges. We then rewrite the total energy as

fpl]

where  up = (u(y), ..., ullx)’] and ug =
[u(£1), ..., u(ex)T]. We solve the minimum energy solution
by having VE = 0 with respect to ug. After determining u’s,
we can determine the probability of each node as
k(v
Phr = L0 ©)
3

where 73 = Zszl u(&) and & € E.

C. Quality Measure Function

Generally, the probability of a pixel reflects its affection
in fusion, and it is determined by balancing different consid-
erations formulated as quality measure functions, r;;, which
measure the selection quality of all frame pixels. This paper
considers two aspects of data: spatial similarity and compati-
bility. The following gives the details of these measures.

1) Spatial Similarity: Since neighboring pixels have a
highly chance from the same object with similar colors, we
design spatial similarity or color consistency to maintain selec-
tion continuity and consistency among neighboring pixels
using all three channels in the RGB color space and formulate
1t as

vj=e % ™

where i and j are two neighboring pixel indices, I; =
(1 /K)ZkK:l Ii.‘ denotes the average pixel, If-‘ contains a color
value, which is a triplet (R¥, G¥, BX), || || is Euclidean dis-
tance, and 0, = 0y,/K is a user specific parameter and set as
oy = 0.1 in this paper. This term considers the spatial coher-
ence of pixels and intends to choose similar labels for two
neighboring pixels.

2) Compatibility: The input is a video sequence, object
motion may induce blurring in addition to noises and arti-
facts. It is important to reconstruct distinct background, and
distinctness can be indicated by local contrast which is usually
related to variations in image luminance. The luminance value
of each pixel is computed as O.298R§‘ + 0.587G§‘ + 0.1153;‘.

Since contrast is usually related to variations in image lumi-
nance, and pixels shot at the same object should have similar
colors, the local contrast measure should be biased toward
pixels that provide less local luminance variations. In addition,
since the background is motionless, the temporal variation in a
pixel of corresponding frames should be small. As a result, in
order to have high spatial contrast and distinctness and tempo-
ral coherence, this paper designs a compatibility term to select
pixel labels as

S T
Zik = ZjZik (8)

erfix) : : : : :
1F e — T
///
ot r .
///
A . i
-2 -1 u] 1 2 X
Fig. 4. Error function, Erf, which is a sigmoid function of S(r) =

[1/(1 4 e~ ")]. It has an “S” shape to put more emphasis on the central part
and less emphasis on both ends.

where i and k are the pixel and frame indices, respectively, the
25 term takes spatial distinctness into consideration, and the
2! term considers the temporal coherence. When considering
the 7% term, we first denote the spatial contrast as cf»‘ which is
computed as the second-order spatial partial derivative of the
luminance for I¥ using the Marr—Hildreth [55] operator. The
larger cf is, the more contrast the pixel has. Furthermore, con-
trast may be perceived nonlinearly by humans, and thus, the
estimated contrast is modulated by an error function defined
in Fig. 4 to avoid overemphasis on high local variations.
Furthermore, we also observe that when the intensity of a
pixel is close to two extremities, i.e., zero and one, the infor-
mation is less trustable, and the trustability can be emphasized
with a Gaussian weighting. When taking these two factors into
consideration, the spatial compatibility term is

3, = G(If, o) [Erf(trﬁ) } 9)

where G is a Gaussian weighting function defined as G(I;‘) =
ef[(lf.‘70.5)2/2(72]’ where o is 0.2 in our experiments, Erf is
a sigmoid function defined in Fig. 4, and o, is a weighting
constant, and we set it to 1.0 in this paper.

Since we assume a static background, its corresponding
temporal variation should be small. We denote the tempo-
ral variation as tf‘ computed as the forward difference of
luminance in consecutive two frames
.

= (10)

The corresponding temporal compatibility term is designed as

=)o)

As shown in Section V, this temporal term can improve the
blurring and ghosting artifacts. However, this temporal estima-
tion does not really consider the motion relationship among
pixels and thus, the results still contain ghosting artifacts.
In order to further explore temporal coherence and motion
relationship among pixels and objects, we design motionless
patch extraction for better results whose details are given in
Section IV.

(1)

D. Algorithm Summarization

Algorithm 1 shows the construction procedure of the prob-
ability maps. We first estimate the motion in each pixel
based on temporal variation or optical flow analysis for tak-
ing the motionless background assumption into consideration.
We then plug the estimated results into the compatibility esti-
mation for labeling pixels according to spatial distinctness
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Algorithm 1 Background Extraction With RW Image Fusion
1: for each frame do

2 Do temporal consistency analysis.

3: end for

4: for each pixel i in the frame do

5: Compute color consistency, y;;. (Eq. 7)

6 Estimate spatial contrast sensitivity, ziSk. (Eq. 9)
7 Estimate temporal variation, z?,;. (Eq. 11 or 18)
8 Compute compatibility, zi. (Eq. 8)

9 Compute compatibility function, r;;. (Eq. 3)

10: Construct the Laplacian matrix L. (Eq. 4)

11: end for

12: Solve u(L), u(g), and Pf»‘ of all pixels in all frames.
13: Reconstruct the background image. (Eq. 1)

and temporal coherence. Furthermore, we consider the spa-
tial coherence along with the compatibility for starting RWs
for construction of probability maps. Finally, we use the prob-
ability maps to fuse the frames for the final result according
to (1).

IV. OPTICAL FLOW MOTIONLESS ACCELERATION

Since we assume a background consisting of static and
motionless objects through the whole video sequence, the cor-
responding background pixels should have no motion, and
those pixels who contain obvious motion should be discarded.
In the past, vision research identify moving objects using opti-
cal flow, and the results are generally efficient and robust. As
a result, in order to reduce the computational cost and arti-
facts, we first use optical flow analysis [56], [57] to detect
moving pixels and extract motionless patches from a video
sequence by classifying pixels into two categories, motion and
motionless. We determine the motion of a pixel by estimating
temporal and spatial pixel intensity derivative from the con-
secutive frames in the neighboring region of the original pixel
which matches the intensity of the original pixel as

Ip, 1) =1(p + Ap, t + Ar) (12)

where (Ap, At) denotes the movement in the image plane and
frame sequence, respectively. Furthermore, I(p + Ap, t + Af)
is approximated by its first degree of the Taylor series as

olp, t ol(p, t
I(p,t) =1(p, 1) + (p_ )dﬁ-i- > )dt
ap at
(p, t A, t
= (p_ )dﬁ+ P, )dt
ap ot
oIp.n AP _ 31, 1) 13
ap Ar at

where v = (Ap/At) denotes the motion vector at the pixel. We
express (13) in the form of AV = b whose solution is estimated
by finding the smallest motion vector, v, of min(JAV — b|2),
i.e., the optical flow vector.

Then, we use these optical flow vectors to determine the
amount of information flowing in/out of a region as shown in
Fig. 5. We estimate the amount of information flowing in/out

IEEE TRANSACTIONS ON CYBERNETICS

N
vector head N
vector tail
(b)

(@

Fig. 5. Condition of information flowing (a) in when the optical flow vectors
around a pixel point toward this pixel, and this should be equivalent to objects
moving toward the pixel and (b) out when the optical flow vectors around a
pixel point away from this pixel, and this should be equivalent to objects
moving away from the pixel.

Fig. 6. Exemplar process of motionless patch extraction. (a) Two frames from
a video sequence. (b) Corresponding masks constructed using the optical flow
analysis described by (16). (c) Results of motionless patch extraction described

by (17).

of a pixel by integrating flow vectors intersected with the des-
tined circle, N, centered at p; of a radius of R [15]. We can
then estimate the net flow at p; for the kth frame using the
Gaussian weighting scheme as

- 1 _1lml
FooulP) =5-— 2. ¢ = (14)
FENin/out
Fraa(P1) = Fio (P1) = Fou (7)) (15)

where Nj,/oue denotes the neighboring pixels of the ith pixel
whose motion vector crossing the boundary into/out of the
virtual circle, respectively.

Fig. 5 shows two simple examples. If Fﬁet(ﬁi) is positive
with a large magnitude, there is an object moving close to the
point. If Fﬁet(ﬁi) is negative with a large magnitude, there is
an object moving away from the point. Both situations indi-
cate object movement, and the pixel should be classified as
a moving pixel. When FX, (5, is close to zero, the object
movement at the pixel is small, and the pixel can be identified
as a candidate background pixel. Therefore, if the absolute
value of FX, (x,y) is lower than a user specified threshold 7,
we mark the pixel as motionless and assign the corresponding
compatibility term to one (white). Otherwise, we assign it to
zero (black). Our algorithm uses the mask to extract motionless
patches as shown in Fig. 6
ME — {1, if |F& ()l <T

i 0, otherwise (16)
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k kngk
It = 'M
T k

a7
(18)

After setting the temporal compatibility function, our algo-
rithm can achieve the image fusion more robustly and effi-
ciently. In this paper, we select several parameters for all
experiments. First, we set the radius of a circle to search
nearby pixels to 10, and select the threshold to 250.

V. EXPERIMENTAL RESULTS AND DISCUSSION

In order to evaluate the performance of our algorithm, we
have constructed and collected several video sequences. All
our test video sequences are available on the our demonstra-
tion website.! The following gives the details of the collection
and construction process and comparisons to other background
extraction algorithms.

A. Video Sequences and Ground Truth

There are two sources of our test videos. The first set of
video sequences come from past research including a white
board scene, a corridor scene, a room scene, a parking lot
scene, a highway scene, another a corridor scene, another
parking lot, and an eye checker scene collected from the web-
site provided by Colombari and Fusiello [14] and the SBI
dataset [27]. Because those video sequences used for evalua-
tion in background extraction research are generally in form
of low resolution, but currently, all surveillance cameras are
in the full high-definition format, i.e., 1920 x 1080. In order
to match the current video technology, we create and collect a
set of video sequences in full HD format for the second set of
video sequences. There are two categories of sequences, real-
istic and virtual. Computer graphics can easily create a 3-D
virtual world, design moving patterns of foreground objects,
and place the camera to construct 3-D animations. We design a
movement pattern along with virtual background static objects
or realistic skyboxes for testing different aspects. Since the
camera in the virtual world uses the perfect pinhole model, a
ground truth background can be created by shooting the virtual
world after removing all foreground objects. Additionally, our
algorithm mainly aims at extracting background from realistic
videos shot at the world. Therefore, we examine the motion
patterns in existing background extraction testing videos and
mimic these patterns to create HD video sequences. Due to
the length limitation, Fig. 7 only shows selected examples of
both video sources, and the complete results can be found in
the following Section V.

The SBI dataset [27] creates their own ground truths by
manually selected pixels from video sequences and also pro-
vides six metrics to evaluate the accuracy of the result
including average gray-level error (AGE), percentage of error
pixels (pEPs), percentage of clustered error pixels (pCEPs),
peak-signal-to-noise-ratio (PSNR), multiscale structural sim-
ilarity index (MS-SSIM), and color image quality mea-
sure (CQM). The following sections use these metrics to
compare our reconstructed results against others on the
SBI sequences.

1 http://graphics.csie.ntust.edu.tw/pub/BackgroundRW/main.html

Additionally, other research do not provide a ground truth
background for each test case. We follow the same procedure
as the SBI dataset to create the ground truth of these videos
for using the same six error metrics for algorithm performance
comparison. Because manual selection is strenuous, we would
like to go one step further to have an automatic ground truth
construction method and a performance comparison metric
based on statistics. We propose a way to estimate the ground
truth when collecting video sequences. Before having fore-
ground objects moving inside each video sequence, we shot
the background for a few seconds. Because the shooting period
is short, it is reasonable to assume that the lighting variation is
negligible. Since the CMOS response function, the valid shoot-
ing period, and other factors can be generally modeled with a
Gaussian model, we assume that the shot color should have a
Gaussian distribution. As a result, we take all color samples
for a pixel from different frames to derive its Gaussian distri-
bution to estimate its mean, w;, and standard deviation, oGT,;.
We use these means of all pixels to form the ground truth
and their deviation to compute the detection error rate. When
two pixels come from the same Gaussian distribution (i.e., the
pixel is correctly classified as background) with confidence «,
they should be classified as success. Therefore, we adapt the
metric proposed by Colombari and Fusiello [14] to estimate
the number of miss-classified pixels as

1, if ——

2 2
op,itoGT.i
0, otherwise

B, — GT;|? < 7 '(«
Err(GT,-,B,-):{ IIB; il < x5 (@)

19)

where GT and B are the ground truth and reconstructed
background, respectively.

B. Analysis of Free Parameters

Since different parameters may affect the result of recon-
struction, we must choose a proper set for image fusion. This
section discusses the influences of different parameters on the
image fusion accuracy based on the reconstructed results of
sequences from the SBI dataset. The accuracy is evaluated
based on PSNR. There are five parameters, o, oy, o7, 71, and
7o in our algorithm. The default values of these parameters
are set as (0,0y, 07, 71, 72) = (0.2,0.1, 1.0, 1.0, 1.0). When
evaluating one parameter, the values of the other four parame-
ters are set to the default values. For example, when analyzing
the influence of o, others parameters are fixed as o, = 0.1,
o, = 1.0, 71 = 1.0, and 7 = 1.0. We summarize the evalu-
ation in Fig. 8. Note that as shown in Fig. 8(c), when o, is
more than 0.2, the performance can be better. Additionally, o,
would cause a considerable performance degradation (1.5 dB)
when its value is equal to 0.1, but maintains stable good
performance for other values. We can have a high PSNR value
while the o is between the 0.1 and 0.4. The values of o,
71, and 7o are similar to the ones used by Shen er al. [48].
Fig. 8(b), (d), and (e) shows that &y, 71, and 7 have little influ-
ences on the performance of image fusion. Based on Fig. §,
we know that all the resultant PSNRs achieved at least 36
through various parameter settings, these experiments verified
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© (d)

Fig. 7. Selected results of extracted background from video sequences used in the past research and our collected HD video sequences when using our
algorithm without temporal consideration, with temporal contrast filtering, and with optical flow motion estimation. From top to bottom, these results are of a
white board scene, a corridor scene, a parking lot scene, a highway scene, another parking lot, Shuan Kai-Sheng Memorial Hall, a virtual hall scene, a white
board scene, a hall scene, and a virtual sunset. (a) Input. (b) Ours Navie. (c) Ours temporal. (d) Ours optical.
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Fig. 8.

the robustness of these parameters. Therefore, this paper sets
them as 0 =0.2,5,=0.1,0, =10, 7y = 1.0, and 70 = 1.0

Influences of different parameters, including (a) o, (b) oy, (¢) oz, (d) 71, and (e) 1, on the image fusion based on the indication of PSNR.

for good reconstructed background results.

analyze

C. Results and Comparisons
After collecting the test video

performance of our

sequences,
proposed

we first
temporal
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ra—

(2) (b)

Fig. 9. Results of extracted background from video sequences used in the past research and our collected HD video sequences when using the pixel-based
median filter, P2M [25], PBI [14], hybrid method [16], GMM [58], and our algorithm with optical flow motion estimation. From top to bottom, these results
are of a white board scene, a corridor scene, a parking lot scene, a highway scene, another parking lot, Shuan Kai-Sheng Memorial Hall, a virtual hall scene,
a white board scene, a hall scene, and a virtual sunset. (a) Ground truth. (b) Medium. (c¢) P2M. (d) PBI. (e) Hybrid. (f) GMM. (g) Ours optical.

coherence estimation. In this paper, we develop a tem-
poral contrast filter and optical motion estimator to consider
the temporal relationship among corresponding pixels for
better results. As shown in Fig. 7, when applying RW fusion
without considering the temporal relationship, ghosting
artifacts are serious because all information are equally
taken into consideration. Because the temporal contrast filter
can consider the temporal coherence among corresponding
pixels, the ghosting artifacts are relieved but cannot be totally
removed. Optical flow motion estimation conservatively
removes those possible moving pixels and can totally remove
all ghosting artifacts. Furthermore, we have compared the
extracted results with those generated by the pixel-based
Median method, the P2M method [25], the hybrid method
proposed by Chen and Aggarwal [16], the patch-based PBI

method [14] and the Gaussian modeling method (GMM) [58]
to further understand the effectiveness and performance
of our RW background reconstructing method as shown
in Fig. 9. Table I shows the comparison statistics while
adapting the six metrics proposed in the SBI dataset. Our
algorithm generally outperform the other algorithms in most
cases based on the computed PSNR and MS-SSIM. Based
on the numerically analyzed results of these metrics, our
reconstructed backgrounds are very close to the respective
ground truths. In addition to the above subjective and
objective metrics, we also evaluate the computational cost by
estimating the running time on a desktop computer equipped
with an Intel Quad-Core i7 3.40 GHz CPU and 64 GB
memory for all methods. As shown in Table I, the average
running time of P2M [25], hybrid [16], PBI [14], GMM [58],
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TABLE I
P2M DENOTES THE PIXEL-TO-MODEL METHOD [25]. PBI DENOTES THE PATCH-BASED METHOD [14]. HYBRID DENOTES THE HYBRID METHOD [16].
GMM STANDS FOR THE GMM METHOD [58]. OURS OPTICAL STANDS FOR OUR RW EXTRACTION METHOD WITH THE MOTIONLESS PATCH
EXTRACTION. AGE DENOTES THE AVERAGE GRAY-LEVEL ERROR. pEPs DENOTES THE PERCENTAGE OF ERROR PIXELS. pCEPs
DENOTES THE PERCENTAGE OF CLUSTERED ERROR PIXELS. MS-SSIM DENOTES THE MULTISCALE STRUCTURAL
SIMILARITY INDEX. PSNR DENOTES THE PEAK SIGNAL-TO-NOISE RATIO. CQM DENOTES THE COLOR
IMAGE QUALITY MEASURE. TIME DENOTES THE COMPUTATIONAL TIME IN SECONDS

IEEE TRANSACTIONS ON CYBERNETICS

Video Sequence Resolution Frames  Method AGE pEPs pCEPS MS-SSIM PSNR CQM Time
P2M 14.6891 17.9939% 4.3018% 0.6396 19.3845  36.2423 422.8
PBI 8.3397 6.0366% 1.4085% 0.8878 27.2436  49.4015 1300.0
Board 200 x 164 228 Hybrid 19.4046  18.4421% 7.2866% 0.5900 17.5456  28.5480 2490.5
GMM 21.9175 40.061% 33.814% 0.5721 18.5178  43.9199 4.9
Ours Optical 4.3391 0.8659% 0.2256% 0.9609 32.6254  50.6679 173.6
P2M 4.2338 1.7721% 1.0478% 0.9391 274782  41.6122 3351.6
PBI 2.2186 0.4293% 0.2777% 0.9899 347024  48.4701 46492.2
CAVIARI1 384 x 288 600 Hybrid 3.3438 3.2888% 2.6713% 0.9678 28.8630  41.3713 4616.8
GMM 3.7511 1.9653% 1.3194% 0.9536 32.0858 51.578 42.1
Ours Optical 2.5621 0.2614% 0.1648% 0.9927 37.1089 51.023 1462.6
P2M 0.9530 0.0020% 0.0000% 0.9991 455059  56.6271 2531.3
PBI 1.4407 0.1923% 0.1180% 0.9968 39.7233  52.3532 40687.0
CAVIAR2 384 x 288 460 Hybrid 1.4267 0.0407% 0.0142% 0.9970 414530  52.6182 1840.7
GMM 0.8052 0.0356% 0.0020% 0.9988 44.3408  59.7584 31.1
Ours Optical 0.8102 0.0142% 0.0000% 0.9991 45.1811  59.6862 1098.3
P2M 8.4035 11.8229% 0.4931% 0.9284 23.4306  35.7070 664.1
PBI 2.0303 0.0000% 0.0000% 0.9970 39.4755 44.309 912.6
Foliage 200 x 148 394 Hybrid 229960  29.4201%  13.3958% 0.6361 15.6689  30.3775 12787.9
GMM 281972  60.2917%  40.7639% 0.7117 17.7199  27.6801 7.6
Ours Optical 2.0275 0.0347% 0.0000% 0.9972 39.3791  43.4583 267.8
P2M 2.3065 0.4232% 0.0026% 0.9935 357604  43.4384 2147.0
PBI 3.4889 1.4922% 0.5299% 0.9737 30.3793 389104 2123283
HighwayIl 320 x 240 500 Hybrid 3.1326 0.5000% 0.0612% 0.9863 345069  41.0814 17704.0
GMM 2.3605 0.3698% 0.0013% 0.9928 35.6755  46.2098 26.6
Ours Optical 2.0158 0.2865% 0.0000% 0.9950 37.3437  47.0328 924.8
P2M 6.7676 9.0182% 5.4714% 0.9197 25.7532  43.7863 384.7
PBI 4.3554 0.5000% 0.1419% 0.9813 31.1707 40.479 665.0
IBMtest2 320 x 240 90 Hybrid 3.0895 0.4023% 0.0352% 0.9828 32.7834  39.6624 913.1
GMM 3.0315 0.0938% 0.0091% 0.9928 352485  49.0578 5.1
Ours Optical 2.6030 0.0729% 0.0000% 0.9955 37.1408  49.4737 162.5
P2M 10.1301 14.9583% 2.4297% 0.8744 21.0926  28.4846 1503.7
PBI 1.738 0.0013% 0.0000% 0.9974 41.0196  47.7845 6150.7
People & Foliage 320 x 240 341 Hybrid 33.4551  33.3893% 10.9766% 0.6015 12.3767  22.9357 15045.3
GMM 32.069 57.4154%  49.4714% 0.7578 15.6736  31.6765 18.9
Ours Optical 1.8231 0.0156% 0.0000% 0.9962 40.2077  46.5935 639.4
P2M 32,1229  37.0756% 15.3887% 0.6164 13.8451  26.5883 409.7
PBI 2.6997 0.0000% 0.0000% 0.9951 37.008 47.0115 1908.2
Snellen 146 x 150 321 Hybrid 4.4097 1.8663% 0.2894% 0.9381 25.3528  35.4596 6944.8
GMM 40.3353  69.4252%  63.0546% 0.7546 14.5997  35.3227 4.9
Ours Optical 2.0174 0.0000% 0.0000% 0.9970 39.5654  47.9029 163.1
P2M 9.9508 11.6333% 3.6419% 0.8638 26.5313  39.0608 1426.9
PBI 3.2889 1.0815 % 0.3095% 0.9774 35.0903  46.0899 38805.5
Average Hybrid 11.4073 10.9187% 4.3413% 0.8375 26.0688  36.5068 7792.9
GMM 16.5584  28.7072%  23.5545% 0.8418 26.7327  43.1504 17.6
Ours Optical 2.2748 0.1939% 0.0488% 0.9917 38.5690  49.4798 611.5
TABLE 11

P2M DENOTES THE PIXEL-TO-MODEL METHOD [25]. PBI DENOTES THE PATCH-BASED METHOD [14]. HYBRID DENOTES THE HYBRID METHOD [16].
GMM STANDS FOR THE GMM METHOD [58]. OURS TEMPORAL STANDS FOR OUR RW EXTRACTION METHOD WITH THE TEMPORAL VARIATION
MODEL. OURS OPTICAL STANDS FOR OUR RW EXTRACTION METHOD WITH THE MOTIONLESS PATCH EXTRACTION. ERR. DENOTES THE DIFFERENCE

BETWEEN THE GROUND TRUTH AND THE EXTRACTED BACKGROUND. PSNR DENOTES THE PEAK SIGNAL-TO-NOISE RATIO

Video Sequence  Frames P2M PBI Hybrid GMM Ours Temporal Ours Optical
” PSNR Err. PSNR PSNR Err. PSNR Err. PSNR Err. PSNR Err.
HD1 152 30.5637  3.80e-2  30.8166  1.35e-2 259956  4.10e-2  28.4263  1.09e-1  30.7490  1.68e-1  42.6540  3.80e-3
HD2 196 357177  7.80e-3  32.0908  6.50e-3  23.6174  5.00e-2 323165  2.02e-1  21.3701  4.4le-1  39.6056  1.00e-4
HD3 87 30.3679  1.0le-1  49.5452  1.00e-3  35.2130  4.19e-2 332084  1.0le-1  29.3827 2.42e-1  53.7193  1.00e-4
HD4 135 24.2946  1.99e-1 13.6051  2.49e-1  20.7819  2.52e-1 247827  3.8%e-1 222489  3.50e-1 352984  5.12e-2
HD5 154 23.1159  2.90e-1  27.9751  2.65e-1  27.0693  3.22e-1  27.3665  2.73e-1 259273  2.43e-1  28.4660  1.11e-1
HD6 152 14.8634  3.55e-1 282896  4.08e-1  23.1306  3.18e-1 17.2153  5.37e-1 19.0189  4.87e-1  33.5139  2.12¢-2
HD7 155 26.2205  5.69e-2  23.8395  1.07e-1  25.3421  326e-1  28.6920  6.02¢-2  29.8877  6.79%¢-2  31.8903  3.53e-2
HD8 155 41.5755  3.00e-3  42.1136  2.00e-3  39.9098  3.55¢-2  42.9385  8.00e-4 29.7988  1.05e-2  42.7282  1.00e-3
HD9 130 43.9635  9.96e-4  46.0475 2.31e-5 42.0886 2.28e-2  41.5060 1.60e-3  36.1047  3.70e-3  46.3560  1.00c-4
Average 30.0759  1.17e-1 3277026  1.17e-1 ~ 29.2387  1.57e-1  30.7169  1.86e-1  27.1653  2.24e-1  39.3591  2.49e-2

and the proposed method per test video is approximately good results based on objective measures. Table II shows the
error rate based on (19) when comparing to other algorithms.
proposed method is quite efficient and can reconstruct pretty We can see the optical flow motion estimation better than

1426.9, 38805.5, 7792.9, 17.6, and 611.5 s, respectively. Our
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Fig. 10. Two exemplar reconstruction artifacts. (a) Ground truths of the
scene. (b) Reconstruction results of our algorithm. Top: highway scene.
Bottom: white board scene. Because the bushes have small local movements
which can be identified by our optical-flow-based motionless patch extractor,
the locally moving patches from different frames are fused to generate little
blurring artifacts. Furthermore, although the shooting camera is static, there
are uncertainties in the pixel capturing process and these uncertainties may
result in blurring artifacts.

temporal contrast filter. In some cases, the temporal contrast
filter can get the great result, i.e., sequence HD9 because
the foreground objects are moving fast and temporal contrast
filter can estimate motion pixels easy. But in most sequences,
the temporal contrast filter cannot totally remove the artifacts
and the results worse other algorithms. Therefore, our optical
can remove all artifacts and generally perform better than the
P2M, PBI, hybrid, and GMM methods.

While we carefully examine the reconstruction results, we
find a few blurring artifacts which are hard to identify without
zooming-in examination as shown in Fig. 10. Since we use
the probability maps constructed by the RW method to fuse
the final background image, the synthesized results can be dis-
turbed to induce blurring artifacts while there are failures of
the algorithmic assumptions. We find the following two com-
mon cases. First, we assume that the background objects are
static, while there are background objects with small local
movements, but movements are so little to be detected by
our optical-flow-based motionless patch extract, the locally
moving patches from different frames are fused to generate
little blurring artifacts. Second, we assume a static camera,
but there are uncertainties in the pixel capturing process, and
these uncertainties would result the differences for different
frames and cause blurring artifacts.

VI. CONCLUSION

Background extraction is very important for many research,
and this paper proposes a background extraction method to
formulate background extraction as a mathematical probabil-
ity problem based on the RW theory. As shown in results,
our system can successfully extract clean background images
when inputs contained messy occlusions without a clean shot
of the background in the entire sequence. When comparing to
results generated by other algorithms, ours have better visual
quality. In addition, we also propose a method to generate a
ground truth background image for numerical comparison, and
our results are still better. However, our system is not with-
out limitations, and there are a few future research directions.
First, we assume a static captured camera, and camera motion
brings issues for our extraction. For example, our algorithm
does not work on extracting from video sequences taken by

11

a camera mounting on a plane. We would like to apply the
structure from motion algorithm to track the camera motion
and find the temporal relationship among frames to extract the
static background. Second, although optical flow analysis can
identify local motionless patches for better background extrac-
tion, it does not take all frames into consideration. We would
like to design a global motionless patch extraction for better
results.
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