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Abstract— The area of real time surveillance is the common
interest of researchers nowadays due to advancement in
technology and thus the amount of work which can be done
in it is still huge. The main objective here was to detect the
moving object in a video and then to classify the
corresponding incoming frames accordingly if it consists of
moving object or not using naive bayes classifier. This type
of classification helps in frame by frame analysis of the
video and can be used to give better result for classification.
The main focus was on naive bayes classifier which was
successfully implemented on a video. The performance of
the methodology is found to be 93.64% accurate and has
precision of 93.77% with an error rate of 7.9%.
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I. INTRODUCTION

Nowadays moving object detection has become a very
prime area for research due to its use in various computer
vision applications. Beside from the vital benefit of being
able to differentiate video streams into moving and
background content, detecting moving objects provides a
purpose of attention for recognition, classification and
activity scrutiny making these later steps more effective.
Moving object detection is defined as extracting the motion
part from a video stream. It handles separation of moving
objects from the immobile background scene. To recognize
objects of worth in the video sequence and to group together
pixels of these objects is termed as Object Detection. Since
moving objects are normally the principal source of
information, most methods intend on the detection of such
objects. A general tactic for object detection is usage of
information in an individual frame. However, some object
detection methods require usage of the temporal information
computed from a succession of frames to diminish the
number of false detections [1]. The classification of the
pixels in the video stream into either foreground or
background is said as detection of the moving objects in the
video [2].

Moving object detection is the task of identifying
the physical movement of an object in an exceedingly given
region or space. Over previous couple of years, moving
object detection has received abundant of attraction thanks
to its big selection of applications like video surveillance,
human motion analysis, automaton navigation, event
detection, anomaly detection, video conferencing, traffic
analysis and security. Additionally, moving object detection
is extremely important and worthwhile analysis topic in
field of pc vision and video processing since it forms a
crucial step for several complicated processes like video
object classification and video tracking activity.
Subsequently, identification of actual form of moving object
from a given system of video frames becomes relevant.

However, task of detecting actual form of object in motion
becomes tough thanks to numerous challenges like vigorous
scene changes, illumination variations, existence of shadow,
camouflage and bootstrapping drawback [3].

The moving object detection is the elementary step
for most of the applications based on video processing.
Videos are in reality sequel of images, each of which called
is a frame, played in fast enough frequency so that human
eyes can percept the continuousness of its content. It is
evident that all image processing methods can be applied to
separate frames. Moreover, the contents of two successive
frames are generally closely correlated. An image, generally
from a video stream, is distributed into two complementary
groups of pixels. The first group include the pixels which
correspond to foreground objects while the other and
complimentary group include the background pixels. This
result which is the detected object is often showed as a
binary image or as a mask. It is troublesome to mention an
absolute standard regarding what should be recognized as
foreground and what should be distinguished as background
because this description is rather application specific [4].
Background subtraction is a broadly used methodology for
detecting moving objects in videos streams from static
cameras. It is the general way of motion detection. It is a
process that finds the difference of the current image and the
background image to detect the motion region, and it is
commonly efficient to deliver data included object
information. The keynote of this process lies in the
initialization and update of the background image. The
efficiency of both will influence the precision of test results
[5]. It tries to detect moving regions by subtracting the
current image pixel-by-pixel from a reference background
image which is composed by averaging images over time in
an initialization period. The pixels where the variation is
beyond a threshold value are categorized as foreground.
Background subtraction is an extensively used technique for
detecting moving objects in videos from static cameras. The
reasoning behind the method is that of detecting the moving
objects from the variance amid the current frame and a
reference frame, frequently called the “background image”
or “background model”. As a fundamental, the background
image must be a description of the scene without moving
objects and must be kept frequently updated so as to become
accustomed to the unpredictable luminance circumstances
and geometry situations [6].

In visual surveillance system, motion detection is
that the essential and vital step that classifies the moving
foreground object from the background. The segmented
moving foreground object is also humans, vehicles, animals,
flying birds, moving clouds, leaves of a tree, or the other
noise etc. The work of a classification phase within the
visual surveillance system, is to classify the moving
foreground object into predefined categories like single
person, cluster of person, or vehicle, etc. The visual

All rights reserved by www.ijsrd.com 1821



Naive based Moving Object Detection and Classification in Video using Background Subtraction

(13SRD/Vol. 3/1ssue 04/2015/426)

surveillance system is generally used for humans and
vehicles. Once the foreground object fit in to the current
category, the latter task like personal identification, object
chase, and activity scrutiny of the detected foreground
object may be done rather more with efficiency and
precisely. There are two main factors which have an effect
on the presentation of object classification. These are image
illustration and classification.

Classification is the task of generalizing familiar
arrangement to relate to new knowledge. it's the matter of
identifying to that of a group of classes (sub-populations) a
new examination goes on the supply of a preparation set of
information contain notes (or instances) whose class
membership is known [7].

The Naive Bayes algorithmic rule may be a
classification algorithm based on the Bayes rule. A naive
Bayes classifier may be a modest probabilistic classifier
grounded on applying Bayes’ theorem along with strong
(naive) independence conventions. It undertakes that the
occurrence (or absence) of a specific characteristic of a class
is distinct to the existence (or absence) of any other
characteristic, specified the class variable. It’s significantly
suited when the dimensionality of the inputs is high.
Parameter estimation for naive Bayes models makes usage
of the tactic of maximum chance. A bonus of the naive
Bayes classifier is that it solely needs a little quantity of
training information to estimate the parameters essential for
classification [8].

Bayesian classification offers practical learning
algorithms and previous information and observed
information is combined. Bayesian Classification provides a
helpful viewpoint for considerate and calculating several
learning algorithms. It computes explicit probabilities for
hypothesis and it's robust to noise in input data. A naive
Bayes classifier adopts the principle that the presence or
absence of a particular feature is dissimilar to the presence
or absence of the other feature, given the class variable. For
some varieties of probability models, naive Bayes classifiers
is trained very proficiently in a supervised learning situation.
It additionally referred to as idiots’ Bayes, simple Bayes and
independence Bayes [9].

The remaining portion of this paper is systematized
in several sections. Section Il describes about the related
works on this topic, Section Il explains the proposed
methodology, while the Section 4 consists of the result,
followed by section V on conclusion and the last section VI
is about future scope of the work.

Il. RELATED WORKS

Till now a lots of research and work by various researchers
on the moving object detection, background subtraction,
object classification and naive bayes based had been done.
This is a very enriching and engaging topic and the result
can be implemented in real time system which makes this
area even more attractive for the researchers and with the
advancement in technology lots of works are being done in
it as well as can be introduced in it.

Alper Yilmaz et al. [1] within the survey paper
have presented an in depth survey of object tracking ways
and conjointly provides a brief review of related topics.
They have divided the tracking ways into three classes based
on the utilization of object representations, namely, ways

establishing point correspondence, ways using primitive
geometric models, and ways using contour evolution. They
have enclosed a brief discussion on widespread object
detection ways and have provided elaborate summaries of
object trackers, together with discussion on the object
depictions, parameter estimation schemes used by the
tracking algorithms and the motion models. Abhishek
Kumar Chauhan and Deep Kumar [10] have represented a
video surveillance scenario with real-time moving object
detection and tracking in their work. The detection of
moving object is very important in several tasks, like video
surveillance and moving object pursuit. The planning of a
video surveillance system is focused on automatic
identification of procedures of interest, particularly on
tracking and classification of moving objects. This survey
paper reviews in short analysis works on object detection
and tracking in videos. Mingyang yang [11] in the paper
provides an improved rule based on Background subtraction
and frame differencing algorithm. It wuses surendra
background process to acquire background model and
makes usage of frame differencing procedure to update it,
then mines the moving objects from the combination of
images mined from these two strategies. It is presented
through the result that the tactic will satisfy the preciseness
and accuracy within the video sequences while not touching
the need of real-time.

Geetika [12] within the paper has given a brief
discussion of various classification ways that features
decision trees, K-nearest neighbour classifier, naive Bayes
classifier and neural network. The paper conjointly
discusses some applications of classification model and at
the end the paper is concluded with the brief observations of
these classification models. It shows Fuzzy illustration of
trees add flexibility in information. The nearest-neighbour
methodology suffers severely from what's referred to as the
“curse of dimensionality”. In decision tree little variations
within the training set, the algorithm mat opt to select an
attribute that isn't truly the best one. Naive Bayes seems to
fare higher than decision Trees because it shows the
importance of all input attributes just in case of heart disease
prediction. Kirubaraj Ragland and P. Tharcis [13] within the
paper conferred different steps involved in tracking objects
in a video sequence, particularly object detection, object
classification and object pursuit. They surveyed the various
strategies out there for detecting, classifying and tracking
objects in a much elaborated manner. The pros and cons of
every of the strategies are mentioned. Object detection
strategies explained are frame differencing, optical flow and
background subtraction. Then, it shows objects could also
be classified based on shape, motion, colour and texture.
Tracking methods involve point based tracking, kernel
based tracking and silhouette based tracking.

Junyan Peng and Patrick P. K. Chan [14] within the
paper proposes the revised Naive Bayes classifier to combat
the focus attack. For every feature within the Naive bayes
classifier, the extra weight based on the amount of ham and
spam containing the feature is added. The weight reduces
the effect of the main focus attack to the features.
Experimental results show that the projected methodology is
stronger underneath the focus attack. The accuracy on the
attacked samples of the projected methodology is beyond
customary Naive Bayes classifier, particularly when the
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degree of attack is massive. Kavitha.A and K.Thulasimani
[15] have worked on object tracking and recognition for real
time videos using naive Bayes classification. Tracking
methods are categorized on the idea of the object and
motion representations specifically, ways establishing point
correspondence, approaches making usage of primitive
geometric models and procedures using contour evolution.
All these classes need object detection at some point. For
example, the point trackers need detection in each frame,
however geometric region or contours-based trackers
require detection only when the object initial appears within
the scene. Tracking is done based on the detection of the
movable objects, it’s done by Gaussian Mixture Model.
Harris Corner is employed for tracking and the classification
relies on Naive-Bayes Classifier. Naive Bayes provides the
higher classification by its class probability feature.

The motive of this research work is to successfully
implement naive bayes classifier in video for classifying
each incoming frames into two class one containing the
frames having movable object while the other comprises of
frames without movable object. For this first object is
detected using background subtraction method and then
classification is implemented using naive bayes classifier.

I1l. METHODOLOGY
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Fig. 1.1: Framework of the Proposed Methodology

The purpose of the proposed methodology is to first detect
moving object from a video and then to classify each
extracted frame into two class from which one comprises of
frames having no moving object while the other comprises
of frames having moving object. The proposed methodology
has two stages namely training and testing as shown in fig.
1.1.

The training process starts with the acquisition of
training video sample and then extracting required frames
from it. In the training phase two types of samples are feed
to the feature extractor each having features very different
from each other so that each belong to different class. The
next step comprises of extracting the features from each of
the extracted frame of the video and then the video sample is
passed to next step where the moving object is detected
from the video using background subtraction method
namely frame difference.

After the moving object is detected that frames
containing only the detected object are made to go through
feature extraction and then all these are features are stored in
training database. Then naive bayes classifier is trained
according to the inputted features to group the dataset into
the two classes in which one class will have all the features
of the frames with no moving object while the other class
will have all the features of the frames with moving objects.
After this only desirables features are used for classification.
Then in the testing phase the test video is acquired and then
its frames are extracted and then as in training phase the
features of the video are extracted and then the moving
object is detected similarly as in training phase finally the
features are passed into naive bayes classifier to predict the
result and the output shows the number of frames having
moving object and frames not having moving object in the
train video.

The steps of the proposed methodology comprises as
follows:
1) Video acquisition
2) Pre-processing
3) Moving object
subtraction
4) Feature extraction from each frame
5) Rank based feature selection
6) Naive bayes classification

detection using background

A. Video Acquisition

This step comprises of process of converting the data
produced by a video camera which is obtained in analog
video signal form to digital video. This digital video data
obtained are referred to as video stream or digital video
stream that can be used on computer for further processing
that data.

B. Pre Processing

In this step the acquired data is prepared for processing.
Matlab consists of function VideoReader which is used to
acquire the digital video from the video obtained from a
video camera. Then the read function is used to read each
frame from the video. In the proposed system first 100
frames are extracted from the video and used for analysis
process for the further steps. Then the frames are resized to
fit the system.
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C. Moving Detection

Subtraction

After the first 100 frames are extracted from the acquired
video, moving object detection is performed on it to detect
any type of presence of moving object in that particular
frame. The method used for moving object detection is
frame difference which is a type of background subtraction
method. In this step the efforts are done to extract the
foreground from the background so that to find the moving
object in the video. For this we need a background image
from which the corresponding frames are differentiated so
as to find the objects which are actually moving. The benefit
of using frame difference method is that it is simple and less
complex and gives good result for static background.

In this first the background frame is initialized and
then the subsequent frames are subtracted from it and if the
difference is greater than the defined threshold then it is
taken as foreground thus the moving object else it is taken as
background means the non-moving object. To get better
result after each difference the background is updated with
the current frames which then becomes the background
frame for next frame. Its implementation is as
- Calculate the difference amid pixels of the two frames

and match with a defined threshold value.
[frame I;— frame Iy|
- If the difference is above threshold value take it as
foreground object otherwise as a background.

Obiject Using  Background

If [frame I;=frame I,| > T
Then Foreground object
Else

Background object

The result of frame difference can be seen in fig 1.2
in which the first image is the background image, the next is
the current frame and then the next image is the grayscale
image of the current frame and finally in the last image is
the detected moving object.

(d)
Fig. 1.2: Frame difference method (a ) background frame,
(b) current frame, (c) grayscale frame and (d) Detected
moving object

D. Feature Extraction from Each Frame

In this proposed system two times eight features are
extracted from the same video file frames. The motive here
is to extract sixteen features from the frames so as to classify
them accordingly if they contains moving object or not. For
this two training videos are taken in which one contains
moving objects while another does not contains any moving
objects. If the frames contain no moving object than it
belongs to O classes else it belongs to 1 class. In total 16
features are extracted for the same input video. First 8
features are extracted before application of background
subtraction and the rest same 8 features are calculated for
the frames obtained after applying the background
subtraction method. As the features of both data will vary
highly due to difference in image properties for frames
having movable object and the one which does not has it.
Each image has unique properties and the difference
between the background image and current frame is
completely different for frames having moving object and
the frames having non movable object. The features which
are extracted are:

1) Edge Difference

For this feature first the edges are detected in the frames
using canny edge detector. After performing this the
connected components are calculated in the obtained image
and then the difference between the result of background
and current image is taken of connected components. As if
there is no moving object in the frame then the difference
will be very low and if there is moving object present in it
then the difference would be very high.

2) Thinning Difference

This is a morphological operation for skeletonizing the
image so as to detect only the edges in the image. It is
applied to binary image and it produces another binary
image as output. After performing the thinning operation the
connected components are calculated in the obtained image
and then the difference between the result of background
and current image is taken of connected components. If this
value is more than are moving objects in the current frame
else not.

3) Histogram Difference

In this first the histogram is computed of the background
frame and the current frame. If 1j is pixel intensity for jth
frame then for all the pixels in the image first bin is done
means the intensities are divided in small intervals and count
gives the values in each bin. Then the maximum value of
count is found and then the difference between counts of
both image are taken. This difference helps to find the
correlation between the histograms of the frames if this
value is low it means the images are similar thus no movable
object is present else a movable object may be present in the
current frame.

4) Mean Difference

The pixels of the image are calculated. This gives an
average value of pixel intensity. Then the difference of
mean is calculated of current frame and background frame.
If this difference is less it means the images are similar and
it does not contains any moving object while if there is huge
difference it means the images are dissimilar it means there
is a moving object is present in that frame.
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5) Standard Deviation Difference
This feature calculates the standard deviation of all the
pixels present in the image. If the difference is low it means
the images are more or less identical that means the current
frame does not contains a movable object whereas if its
value is high it may contain a movable object.
6) Mean Squared Error (MSE)
It is used to find the quality of an image. It calculates the
cumulative squared error. The difference between MSE
value of background frame image and current frame image
is taken. If the difference value is very high or infinite than
both the images are dissimilar and a movable object is
present in the current frame image and if the difference
value is low then no moving object is present in it.
7) Peak signal to Noise Ratio (PSNR)
It calculates the peak error i.e. the noise between two
images. The difference between PSNR value of background
frame image and current frame image is taken. If the
difference value is very high or infinite than both the images
are similar so no moving object is present in it and if the
difference value is low than a movable object is present in
the current frame image.
8) Structural Similarity (SSIM) Index
It is used to calculate the similarity amongst two images.
Structural info is the knowledge that the pixels have strong
inter-dependencies specifically when they are spatially
adjacent. If it is nearer to 1 then the images are similar and if
it is nearer to O then images are not similar.
9) Algorithm for Feature Extraction
Input: video frames
Output: Extracted features
CEDIF 2 725 729 736 760
CHDIF li] i] 0 1] 0
CMEDIF  0.003554 0.003721 0.005211 0.003341 0.100587
CMSD 0.000386 0.000148 0.000344 0.000221 0.001493
CPsD 8229571 8646023 32.79851 84.71258 76.42233

CS5IM 0.398806 0.393707 0.599079 0.993436 0597134
CSTDIF 0.006476 0.002312 0.00135 0.000475 0.02676
CTDIF 0 0 0 0 0
GEDIF 4 1 1 2 1
GTDIF 0 0 0 0 0
GHDIF 0 0 0 0 0
GMEDIF  0.016174 0 0 0.001866 0.001866
GMSD 6.34E-05 0 0 7.32E-06 7.32E-06
GPSD 90.14206 Inf Inf 99.52058 99.52058
G55IM 0.938364 1 1 0.939115 0393115
GSTDIF 2.030786 0 0 0.683843 0.683843
(@)
CEDIF 32 1173 1130 1284 1287
CHDIF 4 0 4 4 0

CMEDIF 0822834 0.034831 0.774454 1.153866 0.223611

CMSD 0.007472 0.003857 0.007356 0.010795 0.012958
CP5D 69.4305 72.30236 69.49B18 67.83276 67.03956
C55IM 0.974107 0985683 0.973833 0.95117 0.967393
CSTDIF 0.05145 0.0213% 0.126776 0.113867 0.03104
CTDIF 0 0 0 0 0
GEDIF 116 233 1106 718 613
GTDIF 0 0 0 1 0
GHDIF 0 0 0 0 0

GMEDIF  0.260377 0274304 2.763475 0.311408 1.249205
GMSD 0.004232 0.004153 0.01497 0.013%06 0.011671
GPSD 71.89978 71.98096 66.4127 66.73285 67.49362
GESIM 0.916456 091783 0.697704 0.73762 0.774349
GETDIF 2142077 2.248734 14.52B45 3.4264%9 6.385451

(b)

1

2)

3)

797

0
0.073126
0.001686
7389531
0.596323
0.00419
0

1

0

0
0.001244
4.88E-06
101.2815
0995464
0.563255

1344

5
1.133475
0.009338
68.1701
0.9653%9
0.135679
0

327

0

0
0.355875
0.007627
69.3411
0.820537
3.595026

Step 1: Background frame—>B, current frame—>C;,
i>2

Step 2: while i <= End Of File

Bg—>grayscale(B), Cg->grayscale(C;)

Detect edge of By and C,4 using canny detector

B.~>connected components(B,), C.—>connected
components(Cy)

EDIF->abs ( B.- Cq

Convert B,>binary(B), Cy,>binary(Cg)

Thin(Bb), Thin(Cb)

B~>connected components(Thin(By)),
Ci~>connected components(Thin(Cy))

TDIF> abs( By+Cy

By~ Imhist(Bg), Ch=> Imhist(Cy)

HDIF->Abs (max (B, (count)) - max (Cy, (count)))
MDIF->Abs (mean (Bg) - mean (Cg))

STDDIF->Abs (Standard_deviation (Bg)-
Standard_deviation (Cy))

MSDIF>MSE (B, C,)
PSDIF>PSNR (Bg, Cy)
SDIF>SSIM (By, C,)
B->C;

2>i+1

Step 3: Save all the features in the training database
Fig 1.3 (a) and (b) shows the values for extracted

features for two train class video samples for 10 frames.

811 850 835 878

0 0 0 0
0.202702  0.2183 0.049191 0.171878
0.002671 0.003382 0.002301 0.002334
73.89831 T72.87364 7434654 736408
0.993821 0.930625 0.934356 0.932269
0.081274 0.108375 0.029157 0.112099

0 0 0 0
1 1 1 1
0 0 0 0
0 0 1} 0
0.001244 0 0 0
4.88E-06 0 0 0
101.2815 Inf Inf Inf
0.9953464 1 1 1
0.563255 0 0 0

1315 1340 1341 1296

0 0 1 4
0.956321 0.016356 0.777724 0.895833
0.007737 0.006491 0.007236 0.003034
69.27893 70.04158 69.56994 68.50585
0.972743 0.935857 0.97353 0.970849
0.033902 0.0034%% 0.08653 0.074505

0 0 2 2
135 220 202 234
1 0 0 0
0 0 0 0

0.43835 0123583 0.147743 0171364
0.004504 0.003514 0.004056 0.004001
71.25966 7270624 72.08398 72.14286
0.901809 09345335 0907345 0.91437
4.023101 1153219 1.32286 1.523367

Fig. 1.3: (a) Extracted features for video having no moving object and (b) Extracted features for video having moving object
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E. Rank Based Feature Selection

After the features are extracted, the system is trained and
tested for various input combinations of the extracted
features and the features which gives the best result are
selected finally. An object can contain numerous features
but it is required to choose the most desirable features from
them so as to differentiate well during classification. The
motive of this step is only to get the most optimal result for
classification. For this different combinations of features
which are extracted are tested to get results and then the
features which gives best result are selected while the ones
which fluctuates the result are eliminated. In this ranking of
extracted features are done means features are ranked

CEDIF 50 454 401 548
CHDIF 4 0 4 4
CMEDIF

according to their effect on classification. The feature giving
best result is ranked first while the one not giving good
result are ranked lower. The purpose of this step is to
discard irrelevant parameters to give the best result.

After the extraction of features for both training
video set difference of the value is calculated as shown in
fig 1.4. From the difference calculated for the extracted
features of both input values it can be seen that some of the
values are zeros. This features thus will have no influence
on deciding the outcome but can fluctuate the result thus
only 12 features from the set of 16 features are selected and
used for object classification using naive bayes. The features
which are not selected are PSNR and Histogram difference.

527 547 504 450 456 418

0 5 0 0 1 4

0.91928 0.03116 0.769243 1.145524 0.123024 1.050349 0.753619 0.201944 0.728533 0.723954

CMSD 0.007086 0.003709 0.007012 0.010574 0.011464 0.008301 0.005066 0.00311 0.004935  0.0062
CPSD 12.86521 14.13787 13.30033 16.88981 9.383267 7725214 4.619387 2.832054 4.976602 5.034951

C58IM 0.0247 0.014015 0.025246 0.048326 0.029741 0.030924 0.021078 0.004768 0.020826 0.02142
C5TDIF  0.085014 0.019078 0.125426 0.113392 0.00428 0.131488 0.002628 0.104876 0.057374 0.037594
CTDIF 0 0 0 0 0 0 0 0 2 2
GEDIF 112 292 1105 716 618 326 134 219 201 233
GTDIF 0 0 0 1 0 0 1 0 0 0
GHDIF 0 0 0 0 0 0 0 0 0 0
GMEDIF  0.244203 0.274304 2.768475 0.809541 1.247338 0.554631 0.497105 0.129583 0.147749 0.171364

GMSD 0.004168 0.004153
GPSD 18.24228 Inf Inf

0.01497 0.013898 0.011664 0.007622 0.004839 0.003514 0.004056 0.004001
32.78773 32.02696 31.94039 30.02183 Inf Inf Inf

GSSIM 0.081907 0.08212 0.302296 0.261495 0.224766 0.178326 0.097654 0.065465 0.092055 0.08563

GSTDIF

0.111291 2.248734 14.52845 2.736656 5.695609 3.031771 3.459846 1.153219

1.32286 1.523367

Fig. 1.4: Difference of extracted features for both class input videos

F. Naive Bayes Classification:

The naive bayes classifier comprises of two stages namely
training and testing. In training the features are feed to the
classifier and the classes to which they belong are
aforementioned. In the testing stage the testing data is
provided to the classifier and it gives the class of the
features given as input. The better the features and their
value the better outcome can be observed. Using the training
features it estimates the probability distribution of that
feature belongs to a particular class. For testing it calculates
the class having largest probability distribution for a feature.
During test data it calculates the probability distribution of
the feature belonging to which class and henceforth gives
the class of the given input data. It assumes class conditional
independence while finding outcome. In this work in total
16 features are extracted from an object out of which only
12 were feasible and 4 were not feasible. Thus the classifier
was trained on its basis and classification was done in two
classes one containing frames with movable object and other
containing frames with non-movable object. The class
having frames with moving object are given outcome 1
while the one not having movable object are given outcome
0. Naive Bayes classifier predicts X belongs to Class C; iff

P(%)>P(2) Foriczj<=mj<>1 (1)

P(%).P(ci)

G\ _
Where P (;) = W (2)
- Where P (%) Probability of C; given X
- P(C}): Prior probability of hypothesis C;
- P (Ci) Probability of X given C;

- P(X): Prior probability of training data X.
With many attributes, the probability of whole
belonging to which class is calculated as:

qE 0
Which means P (c%) =P (x—l) * P (’2—2) * .. P (’2—':) 4)

Ci i
IV. RESULTS AND DISCUSSIONS

- Comparison of Edge Difference of Frames with Moving Object and Non Moving Object
] | : —

—— Frames with vl bject
—— Frumes with oa moingobet
1400 =

2l W

0 (] N 3 4 S [} n 8 0 100
Frame Number

Fig. 1.5: Comparison of edge difference of frames with
moving object and honmoving object before background
subtraction
12 features are used for classification and the analysis for
different features for the different class videos are shown in
below graphs. The 12 features for the videos before
application of background subtraction and after application
of background subtraction are studied from figure 1.5 to
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figure 1.16. For the proposed work lots of data have been
used some are globally available as specified in [16, 17, 18,
19] while some were recorded by us.

From figure 1.5 and 1.6 it can be concluded that
edge difference among the frames not having moving object
have less edge difference from the background frame as they
have almost similar features while the frames having
moving object differ largely from the background frame in
terms of edge difference.
fmp.rim us Edge Difference of Frames ith Moving Object and Non Moving Objn'l]

[ Frames wit movingobjec
| = Frames with non moving abject

0 L ks I I
0 10 0 0 4 £ 0 k] £ 90 100
Frame Number

Fig. 1.6: Comparison of edge difference of frames with
moving object and honmoving object after background
subtraction

From figure 1.7 and 1.8 it can be concluded that
thinning difference among the frames not having moving
object have less thinning difference from the background
frame as they have almost similar features while the frames
having moving object differ largely from the background
frame in terms of thinning difference.

(Comparison of Thinning Difference of Frames with Moving Object and Non Moving Object

R —rg——— T
e —— Framsid m migobied|

Thininng Difference

" ] n L] “ 2 L] n L] L] 1L}
Frame Number

Fig. 1.7: Comparison of thinning difference of frames with
moving object and honmoving object before background
subtraction

‘Comparison of Thinning Difference of Frames with Maning Object and Nea Moving Object
[ r——r
T8 | —— Frames with o sl o |

L) ] » ] ] 4 o » L] L] L]
Frame Number

Fig. 1.8: Comparison of thinning difference of frames with
moving object and nonmoving object after background
subtraction
From figure 1.9 and 1.10 it can be concluded that MSE
among the frames not having moving object and background
frame is less as they have almost similar features while the
frames having moving object differ largely from the

background frame in terms of MSE.

Comparison of MSE of Frames with Moving Object and Non Moving Obj
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Fig. 1.9: Comparison of MSE of frames with moving object
and nonmoving object before background subtraction

- Comparison of MSE of Frames with Moving Object and Non Moving Object
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Fig. 1.10: Comparison of MSE of frames with moving
object and nonmoving object after background subtraction

From figure 1.11 and 1.12 it can be concluded that
SSIM index among the frames not having moving object
and background frame is nearly equal to 1 as they have
almost similar features while the frames having moving
object thus differ largely from the background frame in
terms of SSIM index and is not nearly equal to 1.

Comparison of SSIM Index for Frames with Moving Object and Non Moving Object
T T T

i el | b
= Frumes with win miving Object|

095 L L 1 ( J
0 10 0 3 @ s [ n 80 % 100
Frame Number

Fig. 1.11: Comparison of SSIM index of frames with
moving object and honmoving object before background
subtraction
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Comparison of SSIM Index of Frames with Moving Object and Non Moving Object
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Fig. 1.12: Comparison of SSIM index of frames with
moving object and nonmoving object after background
subtraction

From figure 1.13 and 1.14 it can be concluded that
standard deviation difference among the frames not having
moving object have less standard deviation difference from
the background frame as they have almost similar features
while the frames having moving object differ largely from
the background frame in terms of standard deviation
difference.

s Comparison Of standard Deviation Difference of Frames with Moving Object and Non moving Object
3 T T T T

——Frams il ving e |
—— Frames it ma moving b

L] lui Vllb iu Vill r’ﬁﬂﬂ::ﬂ,,;( o R ll ) };ll R L 100
Fig. 1.13: Comparison of standard deviation difference of
frames with moving object and nonmoving object before

background subtraction
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Fig. 1.14: Comparison of standard deviation difference of
frames with moving object and nonmoving object after
background subtraction

From figure 1.15 and 1.16 it can be concluded that
mean difference among the frames not having moving
object have less mean difference from the background frame

as they have almost similar features while the frames having
moving object differ largely from the background frame in
terms of mean difference.

Comparison of Mean Difference of Frames with Moving Obiject and Non Moving Object
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Fig. 1.15: Comparison of mean difference of frames with
moving object and honmoving object before background
subtraction
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Fig. 1.16: Comparison of mean difference of frames with
moving object and honmoving object after background
subtraction

After the analysis the proposed methodology is
evaluated as shown in table 1.1.

Erro
Videos Precisio | Accurac | Sensitivit | Specificit r
n % y % y % y % rate
%
Video 1 | 100 95.95 95.95 Indef. | 4.04
V'ﬂeo 100 97.97 97.97 Indef. | 2.02
v:?leo 100 100 100 Indef. 0
V:‘\’/eo 875 89.89 100 6551 | 10.10
V'\‘jeo 91.35 92.92 100 72 7.07
V{‘/jleo 80 89.89 88.88 100 10.10
V\'/"ﬁo 9759 | 8889 90 7777 | 1111
szrag 9377 | 9364 96.11 7882 | 79

Table 1.1: Performance metrics of proposed methodology
The total run time of each sample video on which
operation is performed is 20 Sec. The total frames which
were extracted are 100. Finally the total run time of the
proposed methodology starting from loading of video to

All rights reserved by www.ijsrd.com 1828




Naive based Moving Object Detection and Classification in Video using Background Subtraction

(13SRD/Vol. 3/1ssue 04/2015/426)

classification is on average 15 — 20 minutes. The run time
depends on the quality of the video. If the resolution and
frame per second are less it takes less time but with the
increase in this parameter the running time of the whole
proposed work also increases. The performance of proposed
methodology on the basis of above metrics is given as
93.64% accurate and has precision of 93.77%.

V. CONCLUSION

This research work is based on moving object detection
using background subtraction and then classification of
frame on the basis of them having moving object or not by
using naive bayes classifier. Firstly for moving object
detection it was observed that frame difference gave an
optimal result in comparison of other background
subtraction techniques as well as it not complex and is also
gives the result very fast. The only drawback in it is it needs
a static background and less illumination and scene changes.
Then the main focus was on naive bayes classifier which
was successfully implemented on a video. The motive was
to classify the incoming frames from the video into two
class from which one consists of frames with moving
objects while the other contains the frames with no moving
object. The advantages provided by naive bayes classifier
was the reason it was implemented in the work.

Even though it is a bit time taking the performance
of the methodology is given as 93.64% accurate and has
precision of 93.77% with an error rate of 7.9%.

This work can be applied in many real time
application as now a days video surveillance is a very
common area of interest for researchers and also there is
requirement of surveillance system in today’s era. The
various application included are security surveillance, traffic
monitoring, lane supervision, tracking, video processing,
medical imaging etc.

VI. FUTURE SCOPE

This work can be extended or modified to produce better
results or to perform some other functions. Firstly here
frame difference method is used for moving object detection
which can be replaced by other background subtraction
techniques like Mixture of Gaussian or median filter and the
comparative performance analysis can be done to choose the
better one. Methods like optical flow, segmentation can also
be implemented for moving object detection. Secondly for
classification some other unique properties of an image can
be taken like brightness, entropy, auto correlation,
similarity, pixel quality etc. Also the feature extraction
before application of background subtraction is slow thus
some mechanism could be used to faster the step to get
faster result. It can be used to give better result by removing
noise from the acquired data and also implementing shadow
removal can give much nicer outcome. It can be further
analyzed for multi class classifier and also if number of
moving objects on each frame containing movable objects
can be counted it will give even more benefit.
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