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Abstract

The process of characterizing the instances of
particular objects like face, Vehicles in a road and
part of a place in the photographs or videos is termed
object detection. Abandoned object discovery
exploitation chase primarily based approaches are
typically become unpredictable in complicated
investigation videos owing to noise, occlusions,
lighting changes, and alternative factors. This paper
presents a novel structure to powerfully and
proficiently observe abandoned objects supported
background subtraction. In this proposed system, the
background is sculptural by Gaussian mixture. So as
to carry complicated things, varied enhancements are
enforced for noise removal, fast lighting remodel
adaptation, fragment reduction, and maintaining a
stable update rate for video streams with completely
different frame rates. So as to substantiate this new
propose approach the object detection technique
exploitation Intuitionistic logic based on block
matching techniques has been used. The experimental
results obtained were tested on benchmark video
sequences. The obtained results are terribly
promising in terms of robustness and effectiveness.

1. Introduction

The process of identifying the instances of
objects such as faces, Vehicles and construction
places of the images or videos is called object
detection. Detection algorithms normally used to
extract the features and learning algorithms to
identify instances of an object. The applications is
commonly used in the retrieval of image, security,
surveillance, and vehicle parking systems.[ 1].

The identification of an object in an image
or video is described in object detection. Computer
Vision System Toolbox ropes various approaches to
detect the object, template matching, blob analysis
algorithm. Template matching is proposed by small

image, or pattern, to indentify the region in bigger
image. Blob analysis algorithm states that
segmentation and blob properties to find the interest
of the objects [2].

2. Application

«Android Eyes - Object Recognition[3]
*Image panoramas[4]

*Image watermarking[5]

*Global robot localization[6]

*Face detection [7]

*Optical Character Recognition [8]
*Manufacturing Quality Control [9]
*Content-Based Image Indexing [10]
*Object Counting and Monitoring [11]
*Automated vehicle parking systems [12]
*Visual Positioning and tracking [13]
*Video Stabilization [14][15].

3. Methodology

3.1 Pre-processing

An operation at the lowest level of
abstraction is called image preprocessing. Such
operations do not raise information content of image
but reduce the information measure[41,42].The goal
of pre-processing is an development of the image
data that prevent the development of unwanted
relation or increase some image features applicable
for processing and analysis task. Pre- processing is
being without a job in images. Neighboring pixels
equivalent to one real object have the same or similar
brightness value.[43]

In preprocessing the videos are converted
into grey scale videos and then by applying various
filtering techniques best filter is obtained. According
to this for Gaussian Noise Winer filter, Salt and
Pepper Noise Median filter and for Periodic Noise
2DFIR filter is best for the video. Depending upon
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the PSNR and MSE Value the best filters are
identified. This is calculated by higher the PSNR
value and lower the MSE values. This can be
calculated; when the filter is best i.e. when the PSNR
value is high and MSE value is low the filter is best
for that video.

3.2 Segmentation

Segmentation refers to the process of
partitioning a digital image into multiple regions (sets
of pixels). The main aim of the segmentation is to
find the boundaries and to locate the objects. Though
there is various segmentation .in this paper Gaussian
Mixture is used.

3.2.1 Gaussian Mixture Model:

A Gaussian Mixture Model (GMM) is a
parametric probability density function represented as
a weighted sum of Gaussian component densities.
GMMs are commonly used as a parametric model of
the  probability  distribution of  continuous
measurements or features in a biometric system, such
as vocal-tract related spectral features in a speaker
recognition system. GMM parameters are estimated
from training data using the iterative Expectation-
Maximization (EM) algorithm or Maximum A
Posterior (MAP) estimation from a well-trained prior
model. Gaussian Mixture is based on Background
subtraction.

Among the high-complexity methods, two
methods overlook the literature review; Kalman
filtering and Mixture of Gaussians (MoG).

Both have their advantages, but Kalman
filtering gets forced in all the paper for deed object
trails that can't be removed. Since it looks like a
possible deal breaker for various applications, MoG
performs well. MoG is more forceful, as this handles
multi-modal distributions.

By an example this can be more effective
like, a leaf shaking against a blue sky has two
modes—Ieaf and sky. MoG filters out both. Kalman
filters effectively track a single Gaussian, and these
are therefore uni modal: they can filter out only leaf
or sky, but not both typically.

In MoG, the frame is not the background
values. But the background model is Constant. Each
pixel location is represented by a number (or
mixture) of Gaussian functions that sum together to
form a probability distribution function F,
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The mean u of each Gaussian function (or
component), can be thought of as an knowledgeable
estimation of the pixel value in the next frame—
pixels are usually background is assumed. The
weight and standard deviations of each component
are measures of assertion in that approximation
(higher weight & lower ¢ = higher confidence).
There are usually 3-5 Gaussian components per
pixel—the number normally depends on memory
limits.

To wverify if a pixel is part of the
background, then the comparison to the Gaussian
works and tracking it. If the pixel value is within the
scaling factor of a background component's standard
deviation o, it is considered as a part of the
background. Else it is foreground.

3.3 Feature Extraction

Feature Extraction is used to determine the moving
object in the sequence of frames. Feature extraction is
the quality of source to specify the dataset correctly.

3.3.1 Detecting Abandoned Objects

The goal of such detection algorithms is the
notification of a human operator about potentially
critical events such as unobserved objects placed in
public areas. The operator will then decide how to
proceed based on the information provided by the
system. This contribution focuses on the automatic
detection of abandoned objects, such as suit cases or
bags, in areas accessible to the public.

Whether an object is classified as abandoned
or not depends on several factors: First of all, it has to
be recognized as an object, i.e. it has to have a
minimal extent and a sufficiently large probability of
being foreground. In order to be considered as
potentially abandoned, such an object has to be still
and no humans must be close by. If all these
requirements are fulfilled over a certain period of
time, the candidate object can be regarded as
abandoned and thus a potential security issue. The
system should thus trigger a notification. The
proposed abandoned object detection algorithm is
implemented as a four stage system: People tracking,
candidate region extraction, direct verification, and
alerting.
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3.3.2 Immovable object:
Proposed Abandoned object detection

The present system which is modular in nature and
consists of five different modules and each module as
follows:

1. Capture the video

2. Data extraction and conversion unit

3. Back ground subtraction using Gaussian mixture

4. Object tracking

5. Alarm rising and display of detected Abandoned
Object

1V. Results And Discussion

4.1 Pre-processing

In this Pre-processing stage the video with
Gaussian noise, salt and pepper noise and Periodic
Noise are taken under consideration. The test was
conducted on these videos by applying different noise
filters. The result shows for Gaussian noise the
wiener filter best suits, Salt and Pepper noise is
effectively removed by Median filter and for the
periodic noise 2D FIR filter performs better than
other filters.

Periodic Noise 2D FIR Filter

4.2 Segmentation

(@ Original Image (b) Gaussian Mixture (c)
Segmented Image

The segmentation technique is used to
cluster the related objects by performing background
subtraction using Average Median. This technique
best suited for moving objects segmentation. The
result shows the input image and the previous frame
and after applying the Average Median and
subtracting the background objects the foreground
displayed the result in the figures. The result shows
that the Moving Object Segmentation can be done
best using the average median compared to the frame
difference it is revealed that the accuracy of average
median is high.

4.3 Immovable object:
Input FramesThreshold ~ Abandoned object
detection

Detail procedure of abandoned object detection (our
own video sequence in outdoor environment).

In the above figure the result shows the
tracking of objects and identifying the abandoned
object. The frame in the left end shows the region of
interest and identifies the object of interest. The
middle column frames shows the foreground objects
movement. The last column identifies the abandoned
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object by displaying the discovered object in red
color. The object identified is normally bounded in
the green color boxes.

4.4 Object Identification and Object
Tracking

Intuitionistic fuzzy degree is defined as the
greater the degree of membership function than the
degree of non membership and the degree of
hesitation of current block in the present frame.

Intuitionistic  fuzzy membership value
pLA(x), Non membership value vA(x) and hesitation
value mA(x) for every macro block of the reference
frame and current frame.

Intuitionistic fuzzy membership value of the
macro block of the previous frame is greater than
Non membership value vA(X) and hesitation value
nA(x) of the macro block of the current frame.
Through this we calculate the cost function of IFD till
the location for eight. When we obtain the ninth
location we attain the origin.

i. Distance:

We are considering the two fuzzy sets of
membership degree m, non-membership degree n and
the hesitation degree p in as

X ={x1, x2. .. xn}.

Let A = {<x, pA(x), nA(x) > | x I X}
And

B = {<x, uB(x), nB(x) > | x I X}

As the next step we consider the hesitation
degree with the interval or range of membership. The
interval is due to the hesitation or the lack of
membership assigning values. The distance measure
is taken into account for hesitation degrees.

Object tracking in video is performed by
applying the Block Matching using three step
approach of Intuitionistic Fuzzy to set the motion
vector of the moving objects then finding the
threshold of each object and detecting and tracking
the objects which exceeds the threshold value as
moving objects.

V. Conclusion

In this paper we have presented a new
framework to robustly and efficiently perceive
abandoned objects in complex environments for real-
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time video surveillance. The mixture of Gaussians
background subtraction method is used to identify
both background and static foregrounds by using the
same Gaussian mixture model. Our method can
handle occlusions in complex environments with
crowds.

5. REFERENCES

[1] http://www.mathworks.com/discovery/objec
t-detection.html

[2] http://www.mathworks.com/products/datash
eets/pdf/computer-vision-system-
toolbox.pdf

[3] ” "Android Eyes Computer Vision".Martha
J. Farah "Visual Agnosia", Computer Vision
Computing Cognitive Neuroscience, MIT
Press, 2011-05-01, Pages 760-781, ISSN
1468-4233 [1]

[4] ~Brown, M., and Lowe, D.G., "Recognising
Panoramas,” ICCV, p. 1218, Ninth IEEE
International Conference on Computer
Vision (ICCV'03) - Volume 2, Nice,France,
2003

[5] ~ Li, L., Guo, B. and Shao, K, "
Geometrically robust image watermarking
using scale-invariant feature transform and
Zernike moments," Chinese Optics Letters,
Volume 5, Issue 6, pp. 332-335, 2007.

[6] " Se,S., Lowe, D.G., and Little, J.J.,"Vision-
based global localization and mapping for
mobile robots”, IEEE Transactions on
Robotics, 21, 3 (2005), pp. 364-375.

[7] » Thomas Serre, Maximillian Riesenhuber,
Jennifer Louie, Tomaso Poggio, "On the
Role of Object-Specific features for Real
World Object Recognition in Biological
Vision." Artificial Intelligence Lab, and
Department of Brain and Cognitive
Sciences, Massachusetts  Institute  of
Technology, Center for Biological and
Computational ~ Learning, Mc Govern
Institute for Brain Research, Cambridge,
MA, USA [2]

[8] ~ Anne Permaloff and Carl Grafton,
"Optical Character Recognition,” Political
Science and Politics, Vol. 25, No. 3 (Sep.,
1992), pp. 523-531 [3]

[9] ~ Christian Demant, Bernd Streicher-Abel,
Peter Waszkewitz, "Industrial image
processing:  visual quality control in
manufacturing™ [4]

[10]™ Nuno Vasconcelos "Image Indexing with
Mixture Hierarchies," Compagq Computer
Corporation, Proc. IEEE Conference in

www.ijert.org

3495



International Journal of Engineering Research & Technology (IJERT)
ISSN: 2278-0181
Vol. 3Issue 1, January - 2014

I1JERTV3IS11114

Computer Vision and Pattern Recognition,
Kauai, Hawaii, 2001 [5]

[11]~ Janne Heikkila, Olli Silven, "A real-time
system for monitoring of cyclists and
pedestrians”, Image and Vision Computing,
Volume 22, Issue 7, Visual Surveillance, 1
July 2004, Pages 563-570, ISSN 0262-8856
[6]

[12]" Ho Gi Jung, Dong Suk Kim, Pal Joo
Yoon, Jaihie Kim, "Structure Analysis
Based Parking Slot Marking Recognition for
Semi-automatic Parking System" Structural,
Syntactic, and Statistical Pattern
Recognition, Springer Berlin / Heidelberg,
2006 [7]

[13]~ S. K. Nayar, H. Murase, and S.A. Nene,
"Learning, Positioning, and tracking Visual
appearance," Proc. Of IEEE Intl. Conf. on
Robotics and Automation, San Diego, May
1994. [8]

[14]~ Liu, F., Gleicher, M., Jin, H., and
Agarwala, A. 2009. Content-preserving
warps for 3D video stabilization. ACM
Trans. Graph. 28, 3 (Jul. 2009), 1-9.

[15] http://en.wikipedia.org/wiki/Outline_of _obje
ct_recognition

[16]J. Zhang, K. Huang, Y. Yu, and T. Tan.
Boosted local structured hog-lbp for object
localization. In CVPR, 2010. 1, 2,5, 6, 7.

[L7]N. Dalal and B. Triggs. Histograms of
oriented gradients for human detection.
INCVPR, 2005. 1, 2, 4.

[18]P. F. Felzenszwalb, R. B. Girshick, D. A.
McAllester, and D. Ramanan. Object
detection with discriminatively trained part-
based models. PAMI, 32(9):1627-1645,
2010.1,2,4,5,6,7,8.

[19]M. Everingham, L. V. Gool, C. K.
I.Williams, J.Winn, and A. Zisserman. The
PASCAL Visual Object Classes challenge
2007 results. 2, 6, 7 .

A. Vedaldi, V. Gulshan, M. Varma,
and A. Zisserman. Multiple kernels
for object detection. In ICCV,
2009.1,2,6,7,8.

[20]H. Harzallah, F. Jurie, and C. Schmid.
Combining efficient object localization and
image classification. In ICCV, 2009. 2.

[21]K. van de Sande, J. R. R. Uijlings, T.
Gevers, and A. W. M. Smeulders.
Segmentation as selective search for object
recognition. In ICCV, 2011. 1, 2, 6

[22] C. Lampert, M. Blaschko, and T. Hofmann.
Beyond sliding windows: Object
localization by  efficient subwindow
search.InCVPR, 2008. 1, 2, 4, 5.

www.ijert.org

[23]B. Alexe, T. Deselaers, and V. Ferrari. What
is an object? In CVPR, 2010. 2.

[24]R. C. Gonzalez and R. E. Woods, Digital
Image Processing. Prentice Hall, 2002.

[25] R. Cucchiara, C. Grana, M. Piccardi, and A.
Prati, “Detecting moving objects, ghosts and
shadows in video streams,” IEEE Trans.
Pattern Anal. Machine Intell., vol. 25, no.
10, pp. 1337-1342, 2003.

[26] Haritaoglu, D. Harwood, and L. S. Davis,
“W4 : Who? when? where? what? a real
time system for detecting and tracking
people,” in IEEE International Conference
on Automatic Face and  Gesture
Recognition, April 1998, pp. 222-227.

[27]Haritaoglu, D. Harwood, and L. S. Dauvis,
“W4 : real-time surveillance of people and
their activities,” IEEE Trans. Pattern Anal.
Machine Intell., vol. 22, no. 8, pp. 809-830,
August 2000.

[28] C. R. Wren, A. Azarbayejani, T. Darrell, and
A. P. Pentland, “Pfinder: Real-time tracking
of the human body,” IEEE Trans.
PatternAnal. Machine Intell., vol. 19, no. 7,
pp. 780-785, July 1997.

[29]C. Stauffer, W. Eric, and L. Grimson,
“Learning patterns of activity using real-
time tracking,” IEEE Trans. Pattern Anal.
Machine Intell., vol. 22, no. 8, pp. 747-757,
August 2000.

[30]Y.-F. Ma and H.-J. Zhang, “Detecting
motion object by spatio-temporal entropy,”
in IEEE Int. Conf. on Multimedia and Expo,
Tokyo, Japan, August 2001.

[31]R. Souvenir, J. Wright, and R. Pless,
“Spatio-temporal detection and isolation:
Results on the PETS2005 datasets,” in
Proceedings of the IEEE Workshop on
Performance Evaluation in Tracking and
Surveillance, 2005.

[32]H. Sun, T. Feng, and T. Tan, “Spatio-
temporal segmentation for video
surveillance,” in IEEE Int. Conf. on Pattern
Recognition, vol. 1, Barcelona, Spain,
September, pp. 843-846.

[33]T. Boult, R. Micheals, X. Gao, and M.
Eckmann, “Into the woods: Visual
surveillance of non-cooperative
camouflaged targets in complex outdoor
settings,” in Proceedings of the IEEE,
October 2001, pp. 1382-1402.

[34]
A Monnet, A. Mittal, N. Paragios, and
V. Ramesh, “Background modeling and
subtraction of dynamic scenes,” in



International Journal of Engineering Research & Technology (IJERT)
ISSN: 2278-0181
Vol. 3Issue 1, January - 2014

I1JERTV3IS11114

Proceedings of the ninth IEEE Int. Conf. on
Computer Vision, 2003, pp. 1305-1312.
[35]Zhong and S. Sclaroff., “Segmenting
foreground objects from a dynamic, textured
background via a robust kalman filter,” in
Proceedings of the ninth IEEE Int. Conf. on

Computer Vision, 2003, pp. 44-50.).

[36]N. T. Siebel and S. J. Maybank, “Real-time
tracking of pedestrians and vehicles,” in
Proc. of IEEE workshop on Performance
Evaluation of tracking and surveillance,
2001.

[37]R. Cucchiara, C. Grana, and A. Prati,
“Detecting moving objects and their
shadows: an evaluation with the PETS2002
dataset,” in Proceedings of Third IEEE
International Workshop on Performance
Evaluation of Tracking and Surveillance
(PETS 2002) in conj. With ECCV 2002,
Pittsburgh, PA, May 2002, pp. 18-25.

www.ijert.org

[38]Collins,  Lipton, Kanade, Fujiyoshi,
Duggins, Tsin, Tolliver, Enomoto, and
Hasegawa, “A system for video surveillance
and monitoring:Vsam final report,” Robotics
Institute, Carnegie Mellon University, Tech.
Rep. Technical report CMU-RI-TR-00-12,
May 2000.

[39] Jacinto Nascimentox” Performance
evaluation of object detection algorithms for
video surveillance”, Member, IEEE Jorge
Marques.

[40] Haralick, Robert M., and Linda G. Shapiro,
Computer and Robot Vision, Volume I.
Addison-Wesley, 1992.

[41]Sonka. M, Hlavac. V, Boyle. R, Image
Processing, Analysis and Machine Vision,
PWS Publishing, 1998.

[42] http://elib.mi.sanu.ac.rs/files/journals/kjm/32
/kjom3209.pdf

3497



