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Abstract- The new algorithm for moving object detection in the
presence of challenging dynamic background conditions is
proposed in this paper. Moving object detection from video
sequence is a fundamental step in many visual surveillance
applications like optical tracking, human action recognition, high
level behavior understanding etc. The algorithm use a set of
fuzzy aggregated multi feature similarity measures applied on
multiple models corresponding to multimodal backgrounds. The
algorithm enrich with a neighborhood-supported model
initialization strategy for fast convergence. A model level fuzzy
aggregation measure driven background model maintenance
ensures more robustness. Similarity functions evaluate between
the corresponding elements of the current feature vector and the
model feature vectors. Concept from Sugeno and Choquet
integrals are incorporated in our algorithm to compute fuzzy
similarities from the ordered similarity function values for each
model. Model updating use to the foreground/background
classification decision is based on the set of fuzzy integrals. The
propose algorithm is shown to outperform other multi-model
background subtraction algorithms. The propose approach
completely avoids explicit offline training to initialize
background model and can be initialized with moving objects.
The feature space use a combination of intensity and statistical
texture features for better object localization and robustness.
The qualitative and quantitative studies illustrate the mitigation
of varieties of challenging situations by the approach.

Index Terms—Moving object detection, statistical local texture
features, model feature vectors, model level fuzzy similarity,
neighborhood supported model initialization, model level fuzzy
aggregation.

I INTRODUCTION

Background subtraction is a widely used approach
for detecting moving objects in videos from static cameras.
The rationale in the approach is that of detecting the moving
objects from the difference between the current frame and a
reference frame, often called the —background imagel, or
—background modell. As a baric, the background image must
be a representation of the scene with no moving objects and
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must be kept regularly updated so as to adapt to the varying
luminance conditions and geometry settings.

More complex models have extended the concept of

—background subtracticnl beyond its literal meaning.Several
methods for performing background subtraction have been
proposed in the recent literature. All of these methods try to
effectively estimate the background model from the temporal
sequence of the frames. However, there is a wide variety of
techniques and both the expert and the newcomer to this area
can be confused about the benefits and limitations of each
method.

All these methods have the following steps:
Background Modeling, Background Initialization, Background
Maintenance and Foreground Detection. Developing a
background subtraction method, researchers must design each
step and choose the features size (pixel, a block or a cluster)
and type (color, edge, stereo, motion and texture) in relation to
the critical situations they want to handle. In this article, we
focus on the foreground detection and the background
maintenance using color features.

In this paper, we propose a novel background model
that consists of a fuzzy rule-based system which adaptively
adjusts the weights of the texture and color features based on
the pixel’s local properties. The method is leveraging on the
complementary nature of texture and color features and it does
not require parameter learning from the clean background
scene. Experimental results on nine challenging videos show
that our method can provide more robust background
subtraction under dynamic conditions.

The rest of the paper is organized as follows: Section
2 describes some the related work of background image
subtraction techniques reviewed. Section 3 presents detailed
explanation of our proposed model of background subtraction
Section 4 presents experimental and results of proposed
model.
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1. RELATED WORK

The approaches reviewed in this paper range from simple
approaches, aiming to maximise speed and limiting the
memory requirements, to more sophisticated approaches,
aiming to achieve the highest possible accuracy under any
possible circumstances. All approaches aim, however, at real-
time performance, hence a lower bound on speed always
exists. The methods reviewed in the following are

A. GMM Background Subtraction

Over time, different background objects are likely to
appear at a same (i,j) pixel location. when this is due to a
permanent change in the scene's geometry, all the models
reviewed so far will, more or less promptly, adapt so as to
reflect the value of the current background object. However,
sometimes the changes in the background object are not
permanent and appear at a rate faster than that of the
background update. A typical example is that of an outdoor
scene with trees partially covering a building: a same (i,j)
pixel location will show values from tree leaves, tree
branches, and the building itself. Other examples can be easily
drawn from snowing, raining, or watching sea waves from a
beach. In these cases, a single valued background is not an
adequate model.

Gaussian Mixture Model (GMM) has been a popular
approach to background modeling. Each pixel is modeled by a
mixture of Gaussian distributions where each Gaussian
represents the pixel’s intensity distribution over time.
However, the Gaussian assumption for the distribution does
not always hold. The estimation of the model parameters
(especially variance) can become unreliable for noisy images.

B. Feature based Background Subtraction

It is proposed to use both color and texture
information, they modeled each pixel with LBP and
photometric invariant RGB color features. The invariance is
achieved by measuring the relative angle between foreground
and background pixels in RGB space with respect to origin
and extreme values for the background pixels which are
obtained in the background learning process. However, the
learning process requires background frames containing no
foregroundobject. As a result, the learned background
parameters are inaccurate if the background is noisy or the
background ischanging.

C. Fuzzy Rule Dynamic Background Subtraction

In this paper, we propose a novel background model
that consists of a fuzzy rule-based system which adaptively
adjusts the weights of the texture and color features based on
the pixel’s local properties. The method is leveraging on the
complementary nature of texture and color features and it does
not require parameter learning from the clean background
scene. Experimental results on nine challenging videos show
that our method can provide more robust background
subtraction under dynamic conditions.conventional LBP

approaches fail to detect uniform foreground objects in large
uniform areas. This is because the texture information in these
regions is very low. As such, color information should be
more reliable in identifying the foreground objects.
Conversely, hue values are unstable when saturation values
are approaching zero (achromatic axis) [13]. Thus, texture
information should be emphasized instead. The decision
should also factor in whether the current pixel is more likely to
be classified as foreground or background. For example, if
both texture and color similarity scores are high, then it is
quite confident that the pixel belongs to the background and
the importance of both features should be on par. In view of
this, we propose a fuzzy rule-based system that adaptively
adjusts the weight of the texture and color features based on
the pixel’s local properties, namely the current pixel texture
similarity score, the uniformity of the binary pattern, the color
similarity score and the saturation value. This is in contrast to
the trial and error method which is a common practice in the
literature.

In this subsection, present the definitions of the fuzzy
measures and the fuzzy integrals, which would be necessary
for a proper understanding of the algorithm. Let X= {x1, x2, . .
.Definition-1 Fuzzy measure: A fuzzy measure p on a set X

(the universe of discourse with the subsets E, F,...) is a set
function p: wX)— [0, 1], satisfying the following two
conditions:

(@ o) =0,u(X) =1 (boundary conditions).

(monotonicity condition).

The boundary and the monotonicity conditions permit us to
interpret the measure of a set as the measure of its importance.
As more information sources (in the context, more features)
are added, the importance increases, and attains maximum
value, which is one, when all the sources are considered. now
consider a set of r model feature vectors (X™\(k=1,...,r)

at the pixel (p, q) and let Xp,qbe the current feature vector.

Definition-2 Similarity function: The similarity

function h(xF) for the i component of the k  model feature
vector is given by

min()cimk %)

h(x¥) = (1)

max (x].mk %)

e th th
where, % indicates the i component of the kK model
feature vector and xi indicates the ith component of the current

k .k k .
feature vector. Let X:»X>, .......Xn be a permutation of

X XX that produces a non-decreasing order of

similarity functions, i.e., B(x¥) £ h(x¥) <, oo < h(x5) .
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1. PROPOSED WORK

Background subtraction is commonly used in the field of video
surveillance [3], optical motion capture [4], and multimedia
application [2] where it needs in the first step to detect the
moving objects in the scene. The basic idea is to classified
pixel as background or foreground by thresholding the
difference between the background image Bt(x; y; t) and the
current image It+1(x; y; t). Due of the presence of critical
ituations, false positive or negative detection appear

v
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o ixel using the same weight joh wei :
value models for
‘ background
- Form a feature vector X at - Evaluate similarity
each pixel 21| function for each
model
Evaluate fuzzy
integral values
(Ezlvwwmlil)
Input frame [}
Att+) 1 9
Seqmented || Foreground
fesl Backgroun_d
= Classification

Fig 3.1 Schematic Diagram for Proposed Approach

corresponding to false classification of pixels. To decrease
these effects, the different background subtraction methods
have been developed and can be classified following the
model used in the background representation step:

A. Choquet integral

In the litterature, many features are used for the detection of
moving objects. In the case of color features, some authors
make the foreground detection in each dimension
independently and then aggregate the corresponding
foreground mask using the binary operator (OR). The
disadvantage is that a false positive in one dimension generate
false positive in the final result. We propose thus to use a
fuzzy operator i.e. the Choquet integral to aggregate the
results obtained in each dimension to avoid crisp decision. In
the following subsections, we first present the color similarity

measure. Then, we summarize briefly concepts around fuzzy

integrals and finally apply the Choquet integral to aggregate

the similarity measure computed in different dimensions.
Definition-3 Choquet Integral: The Choquet integral FC

of the similarity function with respect to the fuzzy measure

p is defined by

Fc = Z(h(x{) = h(»‘fj'_l))u(xi'xé‘ o .K[')) (2)
i=1

h(x)- 0 and n is the number of features.

The superscript k on the ithfeature Xjis omitted as the
integral is to be computed for every model fork =1,...,r.
Choquet integral not only generalizes arithmetic mean and
weighted mean but also generalizes ordered weighted average.

Definition-4 Sugeno Integral: The Sugeno integral
FS of the similarity function with respect to the fuzzy measure

u is defined by
FS = Max?, (-\Iin (h("‘.) ulxi,x, .. 'xrli))‘) (3)

Sugeno integral generalizes weighted maximum, weighted
minimum, and weighted median operators. require the use of
Sugenoi-measure to compute the fuzzy measure | on a subset
of X, (X! XA v X0).

B. Advanced Fuzzy Aggregation Based Background
Subtraction (AFABS)

In AFABS, each pixel is modeled with a feature
vector, composed of intensity and ST features, a combination
of pixel and region-based features, to inherit the advantages of
both types of features. By giving an importance value to each
feature and fusing those by a fuzzy integral, correlations or
interactions between the features can be considered. In this
approach, multiple models are constructed for each pixel,
where the models are initialized with neighborhood support,
thereby achieving faster convergence of the background
model to the background variations.

Model level fuzzy similarity, calculated between
each model and the current by the fuzzy integral, represents
the amount of matching between those, and the model is
updated accordingly. The schematic diagram of the proposed
approach is shown in Fig. 1. The algorithm consists of five
steps — model initialization, background models selection,
fuzzy integral calculation for all the models, background
model updating, and the foreground detection. The last
subsection deals with the optimization of the parameter values
used in the proposed algorithm.
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C. Local Binary Pattern

LBP is a robust gray-scale invariant texture feature. The LBP
operator consists of labeling a pixel with a binary number
obtained by thresholding the gray-scale difference between
the gray-scale value of each neighbor of the pixel and the
pixel’s gray-scale value, and considering the multiple 0,1
output as a binary number. More formally, the LBP of the
pixel x in an image | can be represented as follows:

LBRR(X) = 5(19(Vp) — 19(X) —n),5(x) = {1 x=0,

0x=<0,

wherelg(x) denotes the gray value of the pixel x in the image
I and {vp}p=1,...,P as a set of P equally spaced pixels

located on a circle of radius R and center x. The parameter n is
a noise parameter which should make the LBP signature more
stable against noise (e.g. like compression) in uniform areas.

It is the minumum amount of positive grayscale variation that
is considered as a significant change. Note that the LBP can
be extended to color images with the LBP computed on each
separated color channel. Also, multi-scale LBP can be defined
with different radiuses at different levels.

LBP has several properties that are beneficial to its
usage in background modeling. As a (binary) differential
operator, LBP is robust to monotonic gray-scale changes,
whether global or local illumination. In the latter case, cast
shadow can be coped with when the shadow areas are not too
small and the chosen circle radius for the LBP features is
small.

Finally, LBP features are very fast to compute, which is an
important property from the practical implementation point of
view. The main limitation is that both memories and
computation costs increase exponentially with the increasing
of P. In this paper, we prefer to represent the LBP feature by a
set of P binary numbers, with memory and computation cost
linearly proportional to P.

V. EXPERIMENT & RESULTS

We collected video sequences from internet The
video datasets named Perception Test Images Sequences from
web site[10] is used as testing our background model. For
testing, we have used has four different video and each
contains approximately 20 frames and its ground truth. The
frame has size of 128x160 pixels.
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Figure-2 Background subtraction result lobby video

Metrics

We use several metrics in our evaluation to try to best
characterize the performance. The most direct measure we
use is the precision and recall of each pixel, following the
methodology of Sheikh’s work [11]. They are defined as
follows:

18



International Journal of Advanced Information in Engineering Technology (IJAIET) ISSN: xxxx:

Vol.4, No.4, December 2014

- #True Positives
precision =
o #True Positives + # True Negatives
#True Positives
Recall =

~ #True Positives + #FalseNegatives

. 2.Recall. Precision
" Recall + Precision

This measures the accuracy of the approach at the pixel level,
but does not capture precisely its ability to give reasonable
detections of birds for higher level classification.

Table 1 Performance of proposed model metrics

Video Precision | Recall | Accuracy | F-
Measure

Curtain 0.59 0.51 0.91 0.55

Fountain 0.59 0.40 0.95 0.45

Water 0.80 0.81 0.97 0.80

Surfcae

Lobby 0.61 0.55 0.92 0.51

V. CONCLUSION

A model level fuzzy aggregation based background
subtraction algorithm using intensity and ST features is
presented and its superiority over other features’ pixel level
fusion is shown visually and numerically for both Sugeno and
Choquet integrals. The models at a pixel are initialized with
neighbors’ feature vectors for faster convergence of the model
by adapting the background variations occurring spatially.

Qualitative and quantitative experiments are carried out to
show the effectiveness of AFABS in handling various
challenging situations by comparing with the state-of-the-art.

AFABS (C)’s performance is superior as compared to AFABS

(S). Being a hybrid approach, AFABS inherits the advantages
of both types of approaches, using pixel and region-based
features, by extracting moving objects with accurate shape and
with minimum error in dynamic backgrounds. The resource
analyzes consumption and performance in Spartan3 Xilinx
FPGAs and compared to others works available on the
literature, show that the current architecture is a good trade-off
in terms of accuracy, performance and resource utilization.
With less than a 65% of the resources utilization of a
XC3SD3400 Spartan-3A low-cost family FPGA, the system
achieve a frequency of 66.5 MHz reach 32.8 fps with
resolution 1,024 x 1,024 pixels, and an estimated 5.76 W
power consumption.

REFERENCES

1. T.Bouwmans, F. El Baf, and B. Vachon, (2008)

—Background modeling using mixture of Gaussians
for foreground detection—A survey,l Recent Patents
Comput. Sci., Vol. 1, No. 3, pp. 219-237.

2. Y. Chen, C. Chen, C. Huang, and Y. Hung, (2007)

—Efficient hierarchical method for background
subtraction,| Pattern Recognit., vol. 40, no. 10, pp.
2706-2715.

3. C. Chiu, M. Ku, and L. Liang, (2010) —A robust
object segmentation system using a probability-based
background extraction algorithm,| IEEE Trans.

Circle Syst. Video, Vol. 20, No. 4, pp. 518-528.

4. P. Chiranjeevi and S. Sengupta, (2011) —Moving
object detection in the presence of dynamic
backgrounds using intensity and textural features,| J.

Electron. Image., Vol. 20, No. 4, pp. 043009-1-
043009-11.

5. M. Cristani, M. Farenzena, D. Bloisi, and V. Murino,

(2010) —Background subtraction for automated
multi-sensor surveillance: A comprehensive review,|

EURASIP J. Adv. Signal Process., Vol. 2010, pp.
20-25.

6. Elgammal, D. Hanvood, and L. S. Davis (2000),

—Nonparametric model for background subtraction,|
in Proc. ECCV, pp. 751-767.

19



International Journal of Advanced Information in Engineering Technology (IJAIET) ISSN: xxxx:
Vol.4, No.4, December 2014

7.

10.

11.

12.

13.

14.

15.

16.

M. Heikkila and M. Pietikainen, (2006) —A texture-
based method for modeling the background and
detecting moving objects,| IEEE Trans. Pattern Anal.
Mach. Intell., Vol. 28, No. 4, pp. 657-662.

R. M. Haralick, K. Shanmugam, and I. Dinstein,
(1973) —Textural features for image classification,|

IEEE Trans. Syst. Man, Cybern., Vol. 3, No. 6, pp.
610-621.

Izadi and P. Saecedi, (2008) —Robust region-based
background subtraction and shadow removing using
color and gradient information,| in Proc. 19th ICPR,
pp. 1-5.

S. Jabri, Z. Duric, H. Wechsler, and A. Rosenfeld, (

2000) —Detection and location of people using
adaptive fusion of color and edge information,| in

Proc. 15th ICPR, vol. 4., pp.627-630.

D. Jang, X. Jin, Y. Choi, and T. Kim (2008),

—Background subtraction based on local orientation
histogram,| in Proc. APCHI , pp. 222-231

X. Jian, D. Xiao-ging, W. Sheng-jin, and W. You-
shou, (2008) —Background subtraction based on a
combination of texture, color and intensity,| in Proc.
IEEE 9th ICSP, , pp. 1400-1405.

Z. Li, P. Jiang, H. Ma, J. Yang, and D. Tang, (2009)

—A model for dynamic object segmentation with
kernel density estimation based on gradient features, |

Image Vis. Comput., Vol. 27, No. 6, pp. 817-823

Mittal and N. Paragios, (2009) —Motion-based
background subtraction using adaptive kernel density
estimation,l in Proc. CVPR, Vol. 2. 2004, pp. 302—
309.

PojalaChiranjeevi and SomnathSengupta, (2014)
—Neighborhood Supported Model Level Fuzzy
Aggregation for Moving Object Segmentationl IEEE
Transactions On Image Processing, Vol. 23, No. 2.

Y. Satoh and K. Sakaue, (2005) —Robust background
subtraction based on bi-polar radial reach correlation,|
in Proc. IEEE TENCON, pp. 998-1003.

17.

18.

19.

20.

21.

22.

23.

24,

Z. Tang and Z. Miao, (2007)—Fast background
subtraction and shadow elimination using improved

Gaussian mixture model,l in Proc. IEEE Workshop
Haptic, Audio, Visual Environ. Games, pp. 541-544.

Q. Wan and Y. Wang, (2008) —Background
subtraction based on adaptive nonparametric model,|
in Proc. 7th WCICA, pp. 5960-5965.

L. Wang and C. Pan, (2010), —Fast and effective
background subtraction based on ELBP,| in Proc.

ICASSP, pp. 1394-1397.

G. Xue, J. Sun, and L. Song (2010), —Dynamic
background subtraction based on spatial extended
center-symmetric local binary pattern,l in Proc. IEEE
ICME, , pp. 1050-1054.

http://www.cvg.rdg.ac.uk/slides/pets.html

http://www.na.icar.cnr.it/~maddalena.l/MODLab/Sof
twareSOBS. html

Wallflower Dataset [Online]. Available:
http://research.mocrosoft.com/jckrumm/wallflower/te

stimages. ht ml

(2004). i2r Dataset [Online].  Available:
http://perception.i2r.astar.edu.sg/bk_model/bk_index.
html.

AUTHOR PROFILE

C.Chinnathai @ Saranya received
her B.E. degree in Electronics and
Communication Engineering from
Francis Xavier Engineering
College, Tirunelveli, Anna
University of Technology,

v

Tirunelveli in 2011. Pursuing M.E. degree in VLSI
Design from Sethu Institute of Technology, Anna
University, Chennai, India. Her research interest
includes Image Processing, VLSI Design.

Dr.R.Ganesan received his B.E. in
Instrumentation & Control Engineering
from ArulmiguKalasalingam College Of
Engineering and M.E. (Instrumentation)
from Madras Institute of Technology in
the year 1991 and 1999 respectively. He

20



International Journal of Advanced Information in Engineering Technology (IJAIET) ISSN: xxxx:

Vol.4, No.4, December 2014

has completed his Ph.D. from Anna University, Chennai,
India in 2010. He is presently working as Professor and head
in the department of M.E-VLSI Design at Sethu Institute of
Technology, India. He has published more than 25 research
papers in the National & International Journals/ Conferences.
His research interests are VLSI design, Image Processing,
Neural Networks and Genetic algorithms.

Mrs.C.SUJATHAreceived B.E degree in
Electronics and Communication
Engineering from P.S.N.A College of
Engineering and Technology, Dindigul,
Tamil Nadu,India in 1997 and M.E degree
in Applied Electronics from P.S.N.A
College of Engineering and Technology,

Dindigul, Tamil Nadu, India in 2004. She has more than 13
years of teaching experience. Presently she is working as
Associate  Professor, Department of Electronics and
Communication Engineering, Sethu Institute of Technology,
Kariapatti, Tamil Nadu, India. She is doing research in the
area of Image Processing based on FPGA under the guidance
of Dr.D.Selvathi, Prof. /ECE Dept., MepcoSchlenk
Engineering College, Sivakasi,. Tamilnadu, India.

21



