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Efficient hierarchical method for background subtraction

Yu-Ting Chena,b, Chu-Song Chena,c,∗, Chun-Rong Huanga, Yi-Ping Hunga,b,c

aInstitute of Information Science, Academia Sinica, 128 Academia Road, Section 2, Nankang, Taipei 115, Taiwan
bDepartment of Computer Science and Information Engineering, National Taiwan University, 1 Roosevelt Road, Section 4, Taipei 106, Taiwan

cGraduate Institute of Networking and Multimedia, National Taiwan University, 1 Roosevelt Road, Section 4, Taipei 106, Taiwan

Received 5 June 2006; received in revised form 14 November 2006; accepted 21 November 2006

Abstract

Detecting moving objects by using an adaptive background model is a critical component for many vision-based applications. Most background
models were maintained in pixel-based forms, while some approaches began to study block-based representations which are more robust to
non-stationary backgrounds. In this paper, we propose a method that combines pixel-based and block-based approaches into a single framework.
We show that efficient hierarchical backgrounds can be built by considering that these two approaches are complementary to each other. In
addition, a novel descriptor is proposed for block-based background modeling in the coarse level of the hierarchy. Quantitative evaluations
show that the proposed hierarchical method can provide better results than existing single-level approaches.
� 2006 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

Background modeling is an important module for many
vision-based applications, such as visual surveillance and hu-
man gesture analysis. To detect moving objects, each incoming
frame is compared with the background model learned from
previous frames to classify the scene into foreground and back-
ground. A difficulty encountered in background modeling is
that backgrounds are usually non-stationary in practice. Non-
stationary backgrounds would be caused by waving leaves,
fluttering flags, ripple water, fluorescent light, monitor flicker,
and so on. Even when the background is static, camera jittering
and signal noise may still cause non-stationary problems. Fur-
thermore, shadows [1–3] and sudden lighting changes [4] are
also important issues. In Ref. [5], Toyama et al. summarized
10 important problems in background subtraction. Except for
these problems, real-time performance is also an important
problem.
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Most background modeling methods are pixel-based. Gaus-
sian distribution has become a popular choice for modeling.
Since the background is often non-stationary, a single Gaus-
sian model used in Refs. [2,6] is not sufficient for its rep-
resentation. In Ref. [7], Stauffer and Grimson proposed Mix-
ture of Gaussians (MoG) by using k Gaussians to model each
pixel. In MoG, an online K-means approximation was used
instead of using the exact Expectation–Maximization (EM) al-
gorithm. The MoG approach is modified or extended in several
researches. For example, instead of using RGB color as fea-
tures, Harville et al. [8] used YUV color plus depth measured
by a stereo camera as features instead of using RGB color.
Harville [9] introduced a framework to guide pixel-level evo-
lution in Ref. [8] with high-level information. In Ref. [10], Lee
proposed an effective learning algorithm for MoG.

Instead of Gaussian mixtures, Ridder et al. [11] used Kalman
filter for adaptive background estimation. In Ref. [12], Zhong
and Sclaroff developed a foreground–background segmentation
algorithm via a robust Kalman filter to segment the foreground
objects from time-varying and textured backgrounds. Stenger
et al. [13] presented a framework for Hidden-Markov-Model
topology and parameter estimation in an online and dynamic
fashion. In Ref. [5], Toyama et al. proposed Wallflower to use
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pixel-level, region-level, and frame-level components to
automatically identify people, objects, or events of interest in
different kinds of environments. Elgammal et al. [1] proposed
a non-parametric background subtraction method utilizing
Parzen-window density estimation for representing the back-
ground. In Ref. [14], Kim et al. presented a real-time algorithm
called Codebook that is efficient in either memory or speed.

Pixel-based methods model each pixel independently. Ap-
proaches of this type have the advantage of extracting detailed
shapes of moving objects, but may suffer from the drawback
that their segmentation results are sensitive to non-stationary
scenes or backgrounds. Though some approaches such as
Refs. [1,4] considered relative relationships between neigh-
boring pixels in either space or time domain, a local vibration
of the scene may still cause problems of false detection. In
fact, high false-alarm rates have become a serious problem for
many practical visual-surveillance systems.

Recently, some researches used block-based approaches in-
stead of pixel-based approaches for background modeling and
subtraction. In block-based approach, an image is often divided
into overlapped or non-overlapped blocks, and specific block
features are used for background modeling. Since a block can
monitor more global changes in the scene than a single pixel,
block-based approaches are insensitive to local movements and
are more capable of dealing with non-stationary backgrounds.
In addition, by using efficient features for each block of images,
block-based approach is possible to be implemented very fast.
Nevertheless, a primary limitation of block-based approach is
that only a coarse-resolution foreground can be extracted, and
so it is not suitable for applications requiring detailed shape
information.

In recent years, researches for block-based background mod-
eling are proposed. In Ref. [15], Matsuyama et al. proposed
normalized vector distance (NVD) to measure the correlations
between blocks. In Ref. [16], Mason et al. calculated edge
and color histograms in each block as features to describe the
block, and histogram similarity is computed to detect the fore-
ground region. In Ref. [17], Monnet et al. used incremental
PCA and an online auto-regressive model to predict a dynamic
scene. In Ref. [18], Heikkilä et al. used local binary pattern
(LBP) [19] histogram to capture background statistics of each
block.

Both pixel- and block-based approaches have their pros and
cons. An interesting issue is that they are complementary to
each other. The simplest way to combine them might be run-
ning these two approaches independently, and then taking the
intersections or unions of the detected foreground regions as
the results. However, this combination is not the most efficient
way. In this paper, a hierarchical method is proposed to com-
bine a block-based approach, referred to as a coarse-level ap-
proach, and a pixel-based approach, referred to as a fine-level
approach, in an asymmetric feed-forward framework. A novel
discriminative descriptor called contrast histogram that is ex-
tended from Ref. [20] is used as a feature to describe each block,
and Gaussian mixtures are used for maintaining a coarse-level
model. For the fine-level model, existing pixel-based meth-
ods can be adopted with merely a slight modification, and a

feed-forward framework is introduced to effectively dispatch
the detected coarse-level information to the fine-level stage.

The paper is organized as follows: In Section 2, coarse-level
background modeling using contrast histogram is introduced.
The strategy for combining coarse- and fine-level models is pre-
sented in Section 3. Experimental results are shown in Section
4. Conclusion and future work are given in Section 5.

2. Coarse-level modeling

In coarse level, an efficient descriptor is expected to be built
for an image block. In object recognition, invariant descriptors
such as scale-invariant feature transformation (SIFT) [21] have
shown their convincing performance for representing a region
centered at a feature point. In SIFT, significant keypoints are
identified and each keypoint is assigned with a descriptor com-
posed of the orientation histograms computed from the gradi-
ent magnitudes and orientations sampled around the keypoint.
Though SIFT has shown its powerfulness in several applica-
tions, it is not suitable for describing a background region in our
experience. The primary difficulty is that the SIFT descriptor is
suitable for representing clutter scenes. However, when some
backgrounds are featureless, the gradient information used in
SIFT causes unstable representations.

In Ref. [19], LBP has shown its powerful means for texture
recognition. To represent a feature point, the circular neighbor-
ing pixels are labeled by thresholding the difference between
neighboring pixels and the center (feature) pixel. Then the la-
beled results are considered as a binary number (LBP code). In
Ref. [18], Heikkilä et al. used histogram of LBP codes in image
blocks to capture background statistics. Nevertheless, LBP his-
togram is not suitable to describe non-stationary backgrounds
according to our experimental results (see Section 4).

In this research, we construct the contrast histogram descrip-
tor extended from Ref. [20] to describe each block directly
based on the pixel colors in a block. The proposed contrast his-
togram is insensitive to center-point drifts and pixel reshuffles.

2.1. Contrast histogram of gray-level images

Given an image I , we first smooth this image by applying
Gaussian kernels and obtain a Gaussian smoothed image L:

L(p, �)=G(p, �) ∗ I (p), (1)

where p is a pixel at location (x, y), ∗ is convolution, and
G(p, �) is a Gaussian function with variance �2.

After dividing an image into blocks, our next step is to build
a descriptor for each block Bc. One obvious approach would
be to sample the local image intensities in Bc as a template and
perform template matching by using normalized correlation as
in Ref. [15]. However, this method is sensitive to noise [5].

Our approach does not involve the gradient computation, and
is stable to compute. The descriptor is constructed based on the
contrast value defined below:

C(p, pc)= L(p)− L(pc), (2)
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Fig. 1. An example of contrast histogram. Assume that the block size is 8× 8 and the red point is the averaged center point pc . Each block is separated into
four quadrants. (a) Original gray-scale image. The averaged value of the center point pc is 120 (=(80+ 135+ 117+ 148)/4). (b) The contrast values of the
pixels in the first quadrant are calculated, and the pixels with positive and negative contrast values are shown in white and gray cells, respectively. The values
of the positive contrast histogram bin, CH+q0 (pc), and negative contrast histogram bin, CH−q0 (pc), are 29.79 (=(65+ 54+ 16+ 58+ 13+ 7+ 22+ 15+ 18)/9)

and −23.86 (=(−27− 18− 53− 33− 8− 6− 22)/7), respectively.

where p is a pixel in block Bc. Since the center pixel pc in
block Bc does not necessarily exist, the value of pc is estimated
by averaging the four center pixels of Bc. Employing the con-
trast values implies the insensitiveness to lighting changes. It is
computationally efficient because only pixel-based subtraction
is required.

Similar to SIFT, we separate each block into four quad-
rant bins, and then the contrast values in each quadrant bin
are used to build the descriptor. Directly using the contrast
values of all the pixels in a block as a descriptor is much
too detailed since the shapes and their sampled representa-
tion may vary from one instance to another. In our approach,
we employ the contrast distribution in each quadrant bin to
build a robust descriptor. One obvious approach would be to
sum up the contrast values in each quadrant bin. It is not a
good idea because the summations of positive and negative
contrast values may decrease the responses of bins. In our
framework, we compute positive and negative contrast-value
histograms for each quadrant bin qi . The positive contrast
histogram CH+qi

(pc) of qi with respect to pc is defined as
follows:

CH+qi
(pc)=

∑{C(p, pc)|p ∈ qi and C(p, pc) > 0}
#+qi

, (3)

where i=0, . . . , 3 and #+qi
is the number of pixels with positive

contrast values in qi . Similarly, the negative contrast histogram

CH−qi
(pc) is defined as

CH−qi
(pc)=

∑{C(p, pc)|p ∈ qi and C(p, pc) < 0}
#−qi

, (4)

where #−qi
is the number of pixels with negative contrast values

in qi . The contrast-histogram descriptor of a gray-level block
Bc is an eight-dimensional vector defined as

CHG(pc)= (CH+q0
, CH−q0

, CH+q1
, CH−q1

, CH+q2
,

CH−q2
, CH+q3

, CH−q3
), (5)

where CHG(pc) ∈ R8. An example is illustrated in Fig. 1.

2.2. Contrast histogram of color images

The descriptor introduced above is for gray-level images. It
can be realized very fast and can effectively extract foreground
regions for many situations. However, gray-value information
is not sufficient for identifying the foreground objects in some
cases. For example, different colors may have similar gray val-
ues and are indistinguishable. Thus, we extend the descriptor
to a color version.

Unlike the common extension of duplicating the gray-value
method for each of the three color channels, we allow the
use of cross-color contrast information. Let j ∈ {R, G, B}
and k ∈ {R, G, B} stand for the color channels of p and pc,
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respectively. The positive and negative color contrast his-
tograms are defined as

CHj,k;+
qi

(pc)

=
∑{Cj,k(p, pc)|p ∈ qi and Cj,k(p, pc) > 0}

#+qi

, (6)

and

CHj,k;−
qi

(pc)

=
∑{Cj,k(p, pc)|p ∈ qi and Cj,k(p, pc) < 0}

#−qi

, (7)

respectively, where Cj,k(p, pc) is the contrast value between
the j channel of p and the k channel of pc.

There are nine combinations of the pair (j, k), which
introduces a 72 (=9 × 4 × 2)-dimensional description vec-
tor for each block. However, it is not necessary to use all
the pairs. Instead, we only pick up the six pairs, (j, k) ∈
{(R, R), (R, G), (R, B), (G, G), (G, B), (B, B)} and thus a
48 (=6×4×2)-dimensional color descriptor, CHC(pc) ∈ R48,
is employed for efficient construction and matching.

2.3. Background modeling by contrast histograms

In coarse-level background modeling, CHG(pc) or CHC(pc)

is used as the feature of each block. The previous contrast-
histogram history of each block, {x1, x2, . . . , xt }, is modeled
by K weighted Gaussian distributions. The weight of the
kth Gaussian at time t is denoted as �k,t and K weights are
normalized such that

∑K
k=1�k,t = 1. The probability of the

event that the currently observed feature xt+1 is a background
block is

P(xt+1)=
K∑

k=1

�k,t × �(xt+1, �k,t , �k,t ), (8)

where �k,t and �k,t are the mean vector and covariance matrix
of the kth Gaussian at time t , � is a Gaussian probability density
function, and the covariance matrix is assumed to be the form:

�k,t = �2
k,t I . (9)

To realize coarse-level model, an online K-means algorithm
presented in Ref. [7] is applied to recent contrast-histogram

Fig. 2. The coarse-level results of frame #500 of an outdoor video (with fountains and waving leaves): (a) original source image; (b) ground truth image. The
red masks in (c) and (d) are the results of gray-level and color contrast histograms, respectively.

history of each block. In our experiments, K is set as 3. Ev-
ery new observed feature vector, xt+1, is checked against the
existing K Gaussians, until a match is found. The “match” is
defined as the situation that xt+1 lies within m standard devia-
tions of a Gaussian. In our case, m is set between 2.5 and 3. If
none of the K Gaussians matches the current vector xt+1, the
least probable Gaussian is replaced with a new Gaussian with
xt+1 as its mean value, an initial high variance, and an initial
low weight. If one of the K Gaussians is matched, the matched
Gaussian is updated as follows:

�t+1 = (1− �)�t + �xt+1, (10)

�2
t+1 = (1− �)�2

t + �(xt+1 − �t+1)
T(xt+1 − �t+1), (11)

where �=� �(xt+1|�t , �t ) and � is a user-defined learning rate.
The weights of K Gaussians are adjusted as follows:

�t+1 = (1− �)�t + �Mt+1, (12)

where Mt+1= 1 is set for the matched Gaussian and Mt+1= 0
is set for the remaining Gaussians. Furthermore, weights of K

Gaussians are normalized to ensure
∑K

k=1�k,t = 1.
Since the Gaussian with a high weight and a low vari-

ance has more supporting evidence as a background, K

weighted Gaussians are ordered by the value of �/�. Then
the first B Gaussians are chosen as the background models,
where

B = arg min
b

(
b∑

k=1

�k > T

)
, (13)

where T is a measure of the minimum portion of the data for
which should be accounted by the background. If observed
feature vector xt+1 matches these first B Gaussians, the cor-
responding block is classified as background; otherwise, the
block is foreground.

2.4. Coarse-level experimental results

Some experiments were performed to verify the effective-
ness of the proposed coarse-level methods. Figs. 2 and 3 show
the results of a non-stationary outdoor scene (with fountains
and waving leaves) and a static indoor scene, respectively. The
frame resolution of the processed videos is 320× 240 and the
block size is 8× 8 for all the experiments. Both the gray-level
and color contrast histograms, CHG(pc) and CHC(pc), are used
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Fig. 3. The coarse-level results of frame #255 of an indoor video: (a) original source image; (b) ground truth image. The red masks in (c) and (d) are the
results of gray-level and color contrast histograms, respectively.

for background extraction, where the former results are shown
in Figs. 2(c) and 3(c) and the latter results are shown in
Figs. 2(d) and 3(d), respectively. The results reveal that both
the gray-level and color contrast histograms are effective for
background modeling of either outdoor or indoor scenes, al-
though the result of the color contrast histogram is a bit more
accurate. Yet note that the gray-level contrast histogram is
more efficient to compute. The processing speed of the gray-
level version for the outdoor and indoor experiments are 163
and 136 fps (frames per second), respectively, while those of
the color version are 67 and 66 fps, respectively, by using
a PC with a 3.4 GHz processor and 768 MB memory. The
high computation efficiency makes our method suitable for
real-time visual-surveillance applications requiring multiple
video sources to be processed simultaneously in a single ma-
chine, and also provides a good start to initiate a fine-level
result. Some further experiments and comparison with other
block-based methods will be given in Section 4.

3. Hierarchical background models

Though the coarse-level outputs are sufficient for many ap-
plications such as intruder detections, some applications need
more detailed foregrounds to be segmented.

An essential advantage of incorporating a coarse-level ap-
proach into a pixel-level approach is that non-stationary scenes
can be processed well since more global information has been
used. An issue remained to be discussed is the combination
efficiency. A straightforward combination is to run the coarse-
and fine-level methods independently and then join their fore-
ground intersection regions. Beyond this scope, we hope that
the integrated computation time is shorter than the sum of
those of running the coarse- and fine-level methods.

By incorporating the pixel-based segmentation into the
coarse-level results, a two-stage hierarchical approach is in-
troduced. In the following, we give a general description
of pixel-based methods, and then introduce the combination
framework.

3.1. A general description of pixel-based background modeling

Most of the existing pixel-based background-modeling
methods share a similar framework. We give a general
description of the common framework in the following.

Coarse - Level Result 

Coarse Background Coarse Foreground 

Identification Step Update  Step

Fine - Level  Result 

Fig. 4. Asymmetric feed-forward strategy for coarse background and fore-
ground regions. Solid and dashed lines mean the executed and neglected step
in fine level, respectively.

A pixel-based approach can be generally characterized as a
quadruple {F, M(t), �, �}. The first element F depicts the
feature extracted for a pixel, which might be gray/color values
[1,7,9,14], depth [8,9], gradient intensities [4], or co-occurred
color pairs [4].

The second element M(t) consists of the background models
recorded at time t for the pixel. For example, in MoG approach
[7], each model is represented as a single Gaussian distribution
in the mixture. In the Codebook approach [14] the model is
characterized by a cylindrical region in the color space. Note
that almost all the methods maintained M(t) = {MS

(t), M
P
(t)},

where MS
(t) and MP

(t) are the sets of stable and potential
background models, respectively. For example, in MoG [7],
the first B Gaussian densities constitute MS

(t) and the others

constitute MP
(t).

The third element � is a function determining whether a
given pixel q at time t is background based on the pixel feature
F(q) and the stable background model MS

(t):

{1, 0} ← �[F(q), MS
(t)], (14)

where F(q) is the feature of q, and 1 and 0 stand for background
and foreground, respectively. Note that only the stable model
MS

(t) is involved in the determination. The fourth element � is
another function that updates the model and generates a new
model at time t + 1 based on the pixel feature F(q) and the
current model M(t):

M(t+1)← �[F(q), M(t)], (15)

and a new pair of models, M(t+1) = {MS
(t+1), M

P
(t+1)}, is ob-

tained. To realize � typically involves the search of the most
fit model to F(q) in M(t).
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Table 1
Five benchmark sequences used in the experiments

Sequence name Fountains Waving leaves Ocean waves Waving river Moving escalator

Sequence image

Frame number 185 420 640 230 60

Sequence type Dynamic Dynamic Dynamic Texture Texture

Sequence length 950 1016 903 291 172

Frames for training 100 100 450 170 50

3.2. Asymmetric feed-forwarding

Our combination is based on the scenario that the coarsely
detected foreground is further refined in fine level. It would
be straightforward if only foreground region refinements
are involved. However, since the fine-level background
model needs to be updated to maintain its accuracy, the
fine-level background updating shall also be involved in
the combination. We conduct an integration strategy as
below.

• Fine processing of coarse background: For those pixels
in the coarse background, fine-level model updating is
performed but fine-level background identification (or equiv-
alently, foreground detection) is ignored, i.e., the function �
is implemented but � is not.
• Fine processing of coarse foreground: For those pixels in

the coarse foreground, fine-level background identification is
performed but model updating is ignored, i.e., the function
� is implemented but � is not.

The above processes yield an asymmetric feed-forward strategy
from coarse to fine levels, as illustrated in Fig. 4. Note that if
we do not neglect the dashed-line steps in Fig. 4, it is equivalent
to running the coarse and fine methods independently and then
intersect their foregrounds obtained.

The reason of adopting this strategy is given below. First,
since the coarse-level method is based on blocks instead of pix-
els, being justified as background in this level is convincing
since a group of pixels (contained in a block) are used for the
justification. Thus, we can neglect the pixel-based identification
step in this case without sacrificing the segmentation perfor-
mance. However, we still need to update the fine-level model
for each pixel or we may lose the incremental-adaptation infor-
mation of the fine-level model. When a block is identified as
foreground in the coarse level, the updating step is neglected in
our approach since the detected coarse foreground may contain
true foregrounds or unstable backgrounds, such as shadows and
signal noise.

By applying this strategy, the total computation time can be
reduced. It is because only the function � is required to be
realized in the fine-identification step. Compared to the way of
performing the coarse and fine steps independently and then
intersecting the results, we have only to search the model in
MS

(t) instead of the whole M(t) for model fitting, and thus save

the time of searching MP
(t) in fine processing of the coarse

foregrounds.

4. Realization and experimental results

4.1. Implementation

Our approach does not restrict the pixel-based approaches
being used for fine level. In our implementation, a state-
of-the-art pixel-based method, MoG [7], is adopted for the
fine-level step, and the color version of the contrast-histogram
approach is adopted for coarse level. To reduce false posi-
tives (background pixels misclassified as foreground pixels),
post-processing steps are performed on both coarse- and fine-
level results. In coarse level, foreground blocks are grouped
into connected components (according to the 4-adjacency def-
inition [22]), and the foreground components with no more
than three blocks are considered as false positive regions
and are removed. Similarly, in fine level, connected compo-
nents are also found based on the foreground pixels, and the
foreground components with no more than five pixels are
removed.

4.2. Experimental results

To evaluate the proposed background subtraction methods,
three dynamic outdoor sequences and two sequences with dy-
namic textured backgrounds used in Ref. [12] are adopted as
the benchmarks as summarized in Table 1. The three dynamic
outdoor sequences include the fountains sequence with four
fountains and waving leaves in upper-right, the waving leaves
sequence with large-area waving leaves, and the ocean waves
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Fig. 5. Coarse-level results of five benchmark sequences shown in Table 1. LBP-based textured method was implemented for comparison.

sequence with ocean waves hitting the rocky coast. The two
dynamic textured sequences include waving river sequence
with ripples on the surface of the river and moving escala-
tor sequence with regular time-varying movement of escalator.
The image resolutions are 320× 240 for all of the benchmark
sequences.

Fig. 5 shows our coarse-level results with at most 3 weighted
Gaussian mixtures being used for each block and the re-
sults of LBP-based textured method [18] are also shown for

comparison. Note that both methods are combined with a post
processing of removing connected components with no more
than three blocks. The average processing speeds of these
two methods are shown in Table 2. From Fig. 5 and Table 2,
our coarse-level algorithm can provide more promising re-
sults and higher computation speeds than LBP-based textured
method.

Fig. 6 shows the comparison results of the proposed hierar-
chical method by applying MoG as the fine-level method and
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Fig. 6. Results of the proposed hierarchical approach with MoG being its fine-level method and the original MoG method.

original MoG method, where both our fine-level method and
MoG are followed by a post processing of removing connected
components with no more than five pixels. From Fig. 6, our
hierarchical models have generally better results than the corre-
sponding fine-level methods since non-stationary backgrounds
can be well pre-processed in coarse level.

To evaluate our method, a measurement presented by Li et
al. [4] is used in this paper. Let A be a detected region and
B be the corresponding ground truth, the similarity between A

and B is defined as

S(A, B)= A ∩ B

A ∪ B
. (16)

S(A, B) lies between 0 and 1. If A and B are the same,
S(A, B) approaches 1, otherwise 0 if A and B have the
least similarity. The ground truths are marked manually. The
evaluation results are shown in Table 3, which reveals that
the proposed hierarchical approach can provide an averagely
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Table 2
Coarse-level processing speeds in fps. Five benchmark sequences shown in
Table 1 are used for evaluation

Sequence name Our coarse-level
method

LBP-based
method

Fountains 67.12 37.66

Waving leaves 68.43 36.79

Ocean waves 68.22 37.64

Waving river 69.77 39.49

Moving escalator 69.63 43.35

Average 68.63 38.99

Table 3
Quantitative evaluations by using the S(A, B) measure

Sequence name Hierarchical method
(using MoG)

MoG

Fountains 0.6422 0.4868

Waving leaves 0.6084 0.5037

Ocean waves 0.4840 0.4463

Waving river 0.5353 0.1558

Moving escalator 0.0771 0.0628

Average 0.4694 0.3311

Table 4
Fine-level processing speeds in fps and five benchmark sequences shown in
Table 1 are used for evaluation

Algorithm Hierarchical method
(using MoG)

MoG

Fountains 22.03 29.22

Waving leaves 21.09 27.61

Ocean waves 21.59 24.98

Waving river 19.43 25.12

Moving escalator 21.81 28.50

Average 21.19 27.09

better performance than those of its fine-level methods
adopted.

Results of processing speed are shown in Tables 2 and 4.
The average speed of the proposed color-version coarse-level
method is 68.63 fps, and that of the hierarchical method is
21.19 fps when MoG is adopted in fine level. The average speed
of MoG is 27.09 fps. For MoG, the sum of the processing times
of running the coarse- and fine-level methods independently is
0.0515 (=1/68.63+ 1/27.09) s. This result in 19.42 fps that is
slower than 21.19 fps achieved by the hierarchical method when
MoG is adopted in fine level. The experiments demonstrated
that our method is more efficient than that of just intersecting
the coarse and fine results.

5. Conclusion and future work

A two-level scalable detector is presented in this paper. We
propose an effective block-based descriptor, contrast histogram,
for coarse background model. We also propose an asymmet-
ric feed-forward strategy to efficiently combine coarse and fine
background models. The advantage with this hierarchical struc-
ture is that non-stationary background can be identified, and
rough foreground objects can be detected in coarse level in
advance. Then based on the result of coarse block level, fine
pixel-level method is performed to further extract the detailed
shapes of foreground objects. Our approach is practically use-
ful since it can be realized very fast, and both coarse and fine
segmentations are affordable in a single framework.

As to our knowledge, this is the first approach providing
scalability in background-modeling-based foreground detec-
tion. Our method allows a very efficient coarse foreground to
be available at first, and then a fine foreground latter. The scal-
able property is suitable for applications that need variable
rates/qualities of detections, such as in IP camera or intelligent
camera. Quantitative evaluations and comparative studies show
that the proposed hierarchical method can further improve the
performances of the adopted fine-level methods by incorporat-
ing the coarse-level information as priori knowledge.

Currently, the integrated processing speed of coarse and fine
levels is faster than executing them in turn independently. In
the future, we plan to further speed up the integration so that
the integrated speed is comparable to that of executing the fine-
level method only.
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