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Abstract Scene modeling is the starting point and thus the
most crucial stage for many vision-based systems involving tracking or recognition. Most of the existing approaches
attempt at solving this problem by making some simplifying
assumptions such as that of a stationary background. However, this might not always be the case, as swaying trees or
ripples in the water often violate these assumptions. In this
paper, we present a novel method for modeling background
of a dynamic scene, i.e., scenes that contain “non-stationary”
background motions, such as periodic motions (e.g., pendulums or escalators) or dynamic textures (e.g., water fountain
in the background, swaying trees, or water ripples, etc.). The
paper proposes single-class support vector machine (SVM),
and we show why it is preferable to other scene modeling
techniques currently in use for this particular problem. Using
a rectangular region around a pixel, spatial and appearancebased features are extracted from limited amount of training
data, used for learning the SVMs. These features are unique,
easy to compute and immune to rotation, and changes in
scale and illumination. We experiment on a diverse set of
dynamic scenes and present both qualitative and quantitative
results, indicating the practicality and the effectiveness of the
proposed method.
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1 Introduction
Intelligent video surveillance has attracted immense attention
from both the researchers and the industry at large. Applications such as human tracking, surveillance, segmentation,
and automatic analysis of foreground objects are some of
the key applications. Most of these tasks, however, involve
background modeling. The goal is to extract objects of interest, generally assumed to be non-stationary with respect to
the created scene model. A robust (and efficient) solution to
this initial phase holds the key to an improved vision-based
system performing meaningful higher level tasks.
Surveillance systems typically use stationary cameras to
monitor an area of interest. Stationarity of the sensor has
been the key assumption that has allowed researchers to
employ various statistical techniques for scene modeling. It
is assumed that generally an interesting object will be moving or non-stationary compared with the static scene [22]
and an accurate tracking relies on a reliable detection of such
objects [7,25]. However, this assumption is often violated
in real-world scenarios where many factors, such as windy
conditions, often cause the sensor to move or sway slightly.
Examples include water ripples, swaying trees, fan, or a water
fountain in the background. In addition, a stationary sensor
does not guarantee a stationary background. It is these periodic or recurrent motions that cause non-stationarity in the
scene and prompt the existing methods to recognize these
phenomena as interesting.
Previously, in order to model a dynamic scene, a single Gaussian distribution was proposed to model each pixel
in the scene. Wren et al. [22] in their seminal work, fitted
a single three dimensional Gaussian per pixel, where the
model parameters, i.e., mean and the standard deviation, were
estimated from the pixels in consecutive frames. However,
one Gaussian model per pixel has proved to be ill-suited
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to capture different underlying processes generating pixel
intensities in an outdoor scene. Stauffer et al. [19] thus
proposed modeling the scene with a mixture of Gaussians
(MoG). A non-parametric kernel density estimation (KDE)
was adopted by Elgammal et al. [4] for per pixel background
modeling. Both of these methods address nominal camera
movements but to a large extent have been unable to handle
larger phenomena generating from the background. Ko et al.
[10] models the temporal variation of color distribution per
pixel. See [1,5,6,9,10,12,15,17,20,26] for a review of other
methods.
The work most relevant to that of ours is that of [3,13,
18,24]. In their work, Zhang et al. [24] construct a covariance matrix from the region surrounding a pixel by using
the spatial and the appearance attributes. The covariance
matrix from a new pixel is matched to that of the constructed
model to distinguish a foreground from the background using
certain threshold values. Monnet et al. [13] addresses the
non-stationary background and uses on-line auto-regressive
models for scene modeling. Sheikh and Shah [18] models the
scene using a single probability density in addition to modeling the foreground. They introduce a temporal persistence
for accurate detection. The maintained background and the
foreground models are used in a Maximum A Posteriori in the
Markov Random Field (MAP-MRF) selection framework for
performing the object detection in a stationary camera, where
the maximum a posteriori solution is obtained by finding the
minimum cutoff of the constructed graph. Cheng et al. [3]
uses a weighted linear combination of selected past observations with time decay to model background. Their work
focuses on the temporal dynamics of the pixel processes and
ignored the spatial properties.
In this paper, we treat the scene or the background modeling problem as a single-class classification (SCC) problem
and propose the single-class SVM for scene modeling [23].
SCC aims to distinguish one class of data from the universal
set of multiple classes. Without requiring a large amount of
data, single-class SVM classify one class of data from the
rest of feature space given only positive data by drawing a
optimum non-linear boundary of the positive data set in the
feature space. In addition, we use a novel set of region-based
features to capture the dynamics of the background. These
proposed features not only capture the dynamics at each pixel
but also capture the spatial context of the region surrounding
a pixel. In essence, we combine the use of both spatial and
temporal properties to model the scene. A shorter version of
this work appeared in [8].
The rest of the paper is organized as follows: Section 1
reviews related work in the field and discusses the proposed
approach in context of previous work. The scene modeling
step, involving feature extraction and single-class classification using SVM, is presented in Sect. 2. We also provide an algorithm for the proposed technique. Qualitative
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and quantitative experimental results performed on fountain
and railway sequences are presented in Sect. 3, followed by
conclusion in Sect. 4.

2 Scene modeling
In a dynamic scene, every pixel in the image is undergoing
a certain periodic or a repetitive change in intensities at each
time instance. It is too simplistic to assume that a pixel intensity varies independently of its neighbors [18]. For example,
in a typical scene with swaying trees or water ripples, such
as Fig. 1, a larger region of the image, not just a single pixel,
is involved in the same type of motion. At the same time,
there is a temporal continuity in the motion, as in the case
of swaying trees, where branches or the leaves move back
and forth. Thus, it is essential that both the spatial and the
temporal context be captured for an accurate scene modeling.
Let {I(t)}t=1...k be a set of images. In order to model the
background, we first compute the optical flow by using Lucas
and Kanade method [11] on the whole image using two consecutive frames and generate their representations, i.e., the vx
and v y components of optical flow such that: F = {vx , v y }.
The idea is to extract a set of features that uniquely capture
the dynamics of the scene by using these representations.
2.1 Feature set
Once we have computed the optical flow, for every pixel pit
in the image, i.e., the ith pixel in image t, a rectangular region
of the size M × N is used to compute the following set of
simple features:
Entropy: The standard way of defining entropy is,
hi = −

k


Pi log(Pi )

(1)

m=1

where k refers to the number of histogram bins and Pi refers
to the histogram count of Fi for M × N region around the ith
pixel pit . Generally, this is set to be 5 × 5 in our experiments.
The entropy h is a statistical measure of the randomness that
can be used to characterize the flow vectors.
Energy: The energy of flow vectors in an M × N region
surrounding the ith pixel is computed as:
ei =

M,N


(Fi )2

(2)

u=1,v=1

where Fi refers to flow vectors as defined above and u, v
refer to the pixel location. e measures the energy presented
in the flow vectors in an M × N region around a pixel.

SIViP

Fig. 1 Sample images from the fountain sequence showing the flow vectors super-imposed on the original image. Sequences such as these, contain
dynamic and periodic motions, causing challenges for the traditional approaches

Algorithm 1 Scene modeling using single-class SVM

Inertia: Finally, we define the inertia as,
ji =

M,N


1 Train SVM:

(u − v) Fi
2

(3)

u=1,v=1

where Fi refers to flow vectors and u, v refer to the pixel
location. j measures an object’s resistance to changes in its
rotation rate.
The features defined above are unique and yet simple to
compute. Entropy, inertia, and energy are relatively immune
to rotation, since the order is not important. These measures are scale invariant and are inherently invariant to linear
change in illumination as well. The output at this stage is a
6-dimensional feature vector
t

H pi = {{h i , ei , ji }vx , {h i , ei , ji }v y }

(4)

for every pixel pit in the frame t. This feature vector represents a set of features that uniquely capture the dynamics of
the scene.
2.2 Single-class classification
The scene modeling problem involves observing a scene
which is assumed to contain an acceptable behavior. During
this phase, which is generally termed as the training phase,
it is possible to only gather the positive data that describes
what belongs to the scene. However, during this phase, it is
not possible to include the negative data that are to be detected
at a later time. This scenario is a good candidate for applying
the single-class classification techniques.
Given a limited amount of training data, the optimal class
boundary function is the one that gives the best generalization performance representing the performance on unseen
examples. For supervised learning, SVM tries to maximize
the generalization by maximizing the margin and supports
nonlinear separation using advanced kernels; thus, avoiding
underfitting and overfitting [23].

* Using training sequence, generate flow components, Fi =
{vx , v y } for each pixel
t
* For each pixel pit , compute H pi as defined in (4)
2 Testing:
* For a test sequence, generate flow components, Fi = {vx , v y }
for each pixel
t
* In a 5×5 window around each pixel pit , compute H pi as defined
above
* Detect foreground and background pixels using SVMC framework

More specifically, we adopt the Support Vector Mapping
Convergence (SVMC) as proposed by Yu [23], which
employs the Mapping Convergence framework where the
algorithm generates the boundary close to the optimum. As
the sample size increases, SVMC prevents training time from
increasing dramatically, and the running time is shown to
be asymptotically equal to that of a SVM. The approach
is to use minimally required data at each iteration so that
the data does not degrade the accuracy of the boundary. In
their work, Yu [23] prove that the training time is O(n 2 ),
where n is the size of the training data. Thus, for training
on data set of size K images, we compute the feature vec1
2
K
tor H pi = {H pi , H pi , . . . , H pi } for each pixel location.
This feature vector is used to train the SVMC at each pixel
location. The complete algorithm is given in Algorithm 1.
SVMC has been shown to have a good accuracy for single-class classification by computing accurate classification
boundary around the positive data (during the training phase)
using the unlabeled data in a systematic way. Moreover,
SVMC does not require a large amount of positive training data while still maintaining performance close to that of
original SVM while providing good generalization, as the
results in the next section show.
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Fig. 2 Experimental results obtained from the fountain sequence. The
first row shows the original images followed the results obtained by the
mixture of Gaussian approach, shown in row 2 (trained on 400 frames).
The results from median-based and principle component analysis-based

approaches are shown in rows 3 and 4, respectively. The results obtained
from the proposed method are shown in row 5 (using 75 frames only
for training) and the ground truth subtraction results are shown in the
last row. No post-processing was performed on these results

3 Experiments and results

and cyclic motion. In the fountain sequence, the dynamic
texture is induced in the scene by the moving trees while the
fountain in the background induces constant cyclic motion.
The railway sequence contains periodic self-occlusion of a
walking person followed by occlusion by a passing car. We
compare the proposed method with the mixture of Gaussian

We tested the proposed method on two dynamic natural
scenes from [18]; from here on, we will refer to them as the
fountain and the railway sequence. These sequences contain nominal camera motion, significant dynamic textures,
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Fig. 3 Comparison of the proposed method with the state of the art
MoG method [19] as well as Eigen [14], Medoid [2,16], FD [21], and
Ko [10] methods using fountain sequence. The figure on the left shows
the calculated precision for all seven methods while the right figure

shows the computed recall for these methods. These figures indicate
that the precision the proposed method is considerably better than Ko,
Medoid, and FD methods while the recall is considerably better than
most methods used here

(MoG) approach [19], principle component analysis-based
approach (Eigen) [14], median filtering-based approach
(Mediod) [2,16], adjacent frame difference (FD) approach
[21], and color distribution-based approach [10]. We train
MoG model using three (3) components and use 400 and
270 frames for fountain and railway sequences, respectively.
For our method, we only used 75 frames for feature extraction
and training the single-class SVM, as described in the Sect. 2.
FD method was implemented as proposed in [21] and uses
threshold value equal to 0.06. Eigen and Medoid methods
are implemented as described in [16] and [14], respectively.
The images have a resolution of 360 × 240.

show the same behavior as MoG where large number of
background pixels are classified as foreground. The fifth row
shows the results obtained by the proposed method, showing a considerable improvement over MoG [19], Medoid [2],
and Eigen [14]. The last row shows the ground truth frames
obtained by manually labeling some frames from the image
sequence.
Qualitative results for the railway sequence are shown in
Fig. 4. This sequence, where camera also moves due to the
wind, contains periodic self-occlusion of a walking person
followed by occlusion by a passing car with trees swaying
due to the wind in the background. For the railway sequence,
the proposed method demonstrates the qualitative improvements as well which can be seen in the fifth row of Fig. 4.
It is important to highlight that the results from FD method
were consistently worst than MoG and hence have not been
shown above. We, however, have provided the comparison
of all seven methods in our quantitative analysis below.

3.1 Qualitative analysis
Qualitatively, the results are an improvement over the methods [2,14,19,21] , as shown in Fig. 2. The camera is mounted
on a tall tripod, and the wind causes the tripod to sway back
and forth, and in the background is a water fountain and swaying trees. The first row shows the original images from the test
sequence. The figure depicts a person coming in from the left
of the image and walking to the right. The second row shows
the results obtained from the MoG method and it becomes
evident that the nominal motion caused by the camera and
the presence of the water fountain cause substantial degradation of the results qualitatively. A large number of moving
background pixels are detected as foreground pixels. Some
portions of the foreground object are also classified as background. The third and fourth rows show the results obtained
from median Filtering-Based approach (Mediod) and principle component analysis-based approach (Eigen), respectively. The results from both Mediod and Eigen approaches

3.2 Quantitative analysis
Quantitative analysis is performed on both sequences and
the results obtained from our method are compared with
[2,14,19] and [21]. We compute the following two measures
for assessing the goodness of the proposed method:
# of true positives detected
total # of positives detected
# of true positives detected
Recall =
total # of true positives

Precision =

The detection accuracy, in terms of both the precision and
the recall, is considerably higher than FD, MoG, and color
distribution- based approaches. As observed from the Figs. 3

123

SIViP

Fig. 4 Experimental results obtained from the railway sequence. The
first row shows the original images followed the results obtained by the
mixture of Gaussian approach, shown in row 2 (trained on 270 images).
The results from median filtering and principle component analysis-

based approaches are shown in rows 3 and 4, respectively. The results
obtained from the proposed method are shown in row 3 (using 75 frames
only for training), and the ground truth subtraction results are shown in
the last row

and 5, the recall rate for the proposed method is consistently
high for both sequences, whereas at some instances, the precision decreases due to strong motion in the image sequences.
This indicates that the localized foreground is larger than the
labeled ground truth, however, the background pixels such as
the fountain and the swaying trees are not detected as fore-

ground objects at all. Moreover, we are not using any postprocessing techniques, such as graph cuts [18], to improve the
boundaries of the foreground objects, which would improve
the precision considerably.
It is important to highlight that the results were generated
using SVM which was trained using a very small number of
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Fig. 5 Comparison of the proposed method with the state of the art
MoG method [19] as well as Eigen [14], Medoid [2,16], FD [21], and
Ko [10] methods using railway sequence. The figure on left shows the
calculated precision for all five methods while the right figure shows
the computed recall for these methods. These figures indicate that the

precision and recall of the proposed method is considerably better than
most methods including FD, Mediod, Eigen, Ko, and the standard MoG.
Notice that the precision and recall values are consistently higher indicating that the proposed method outperforms these techniques

Table 1 Number of frames used for training

compare our results with four standard techniques including
mixture of Gaussian, Principle Component Analysis, Mediod
filtering and adjacent frame difference, and color distribution-based methods and notice a very significant improvement. The proposed method has successfully minimized false
positives and shows considerably higher recall and precision compared with all four approaches without using any
post-processing. In addition, we have the distinct advantage
of using considerably less training data as opposed to other
methods. These encouraging results indicate the practicality
and effectiveness of the proposed method.

Support vector machine

Mixture of Gaussian

Fountain

75

400

Railway

75

270

training images as opposed to MoG. As shown in Table 1,
we use 75 frames for training of SVM as opposed to 400
frames for fountain and 270 frames for railway sequence. It
underlines the distinct advantage of the proposed technique
over MoG, in cases when the amount of available training
data is limited.

4 Conclusion
Scene modeling is a very significant initial step for various
vision-based systems. The existing methods often fail for
scenes with dynamic textures or cyclic background motion.
We propose treating the scene or the background modeling
problem as a Single-Class classification problem, and propose using single-class SVM that is able to create the optimal
class boundary from a very limited set of training examples.
We also employ a novel, yet simple region-based features,
extracted at each pixel location for training the single-class
SVMs. The proposed features not only capture the dynamics at each pixel they also capture the spatial context of the
region surrounding a pixel. We have presented results on
challenging sequences that contain considerable amount of
sensor motion, in addition to a dynamic backgrounds. We
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