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Abstract

The state of the art of all the motion detection
techniques that are being employed currently in real
time motion sensing systems. The work discusses
mechanisms like Optical Flow, Frame differencing,
Running Gaussian average as viable mechanisms for
motion sensing and also their limitations. The work
primarily focuses on Adaptive Gaussian Mixture
Models as the preferred mechanism over other
options. The work presents simulated results of
motion sensing under different ambient conditions
and different illumination conditions. The work
presents a comparative analysis of all the existing
mechanisms with the proposed mechanism.
Keywords: Motion Sensing, Background
Subtraction, AGMM, GMM

Introduction

It is the human desire that has led to automatic
detection systems and intelligent surveillance systems
which make lives easier as well as enable us to
compete with tomorrow’s technology. On the other
hand it has pushed us to analyze the challenge sin the
field of automated video surveillance in light of the
advanced artificial intelligence systems.

The surveillance cameras nowadays are already
prevalent in secured commercial locations, with
camera outputs being recorded to tapes that are either
rewritten or periodically stored in video archiving
systems. In order to benefit from this prerecorded
digital data, detecting any moving object from the
scene is required and that too without engaging any
human aid. Real-time segmentation of moving
regions in image sequences has been a fundamental
step in many vision systems.

Motion Detection

Motion detection in consequent images the detection
of the true moving object in the scene. In real time
video surveillance systems, motion detection refers to
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the capability of the system to detect motion and
capture the events and time of occurrence. That also

requires a software-based monitoring algorithm
which in turn will signal the surveillance camera to
begin
capturing the event when motion activity is detected.
This is also called activity detection. An advanced
motion detection surveillance system can analyze the
type of motion for triggering an alarm system. In this
project, however, the work confines to the robust
sensing of activity in prerecorded video feed possibly
taken from an associated real time surveillance
mechanism and its associated  mechanisms
(morphological operations, filtering, shadow removal
etc.) which in turn can be associated with a hardware
based  surveillance  system.  However, the
development of that is not the scope of this work.
Problems and Issues

1. Optical Flow and Image Motion

2. Occluding Surfaces and Independently

Moving Objects
3. Transparency
4. Prefiltering and Differentiation

PROBLEM STATEMENT

Earlier work of motion sensing and detection we
faced many problem and also all the background
models discussed so far have many limitations;

1. They ignore any correlation between
neighbouring pixels.

2. The rate of adaption may not match the
moving speed of the foreground objects.

3. Non-Stationary pixels from moving leaves
or shadow cast by moving objects are easily
mistaken as true foreground objects.

4. System will not cope with moderate change
in light levels.

5. Lack of size discrimination means
compromise in setting up.
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6. Non-Uniform sensitivity with range.

7. System will not cope with size variation due
to perspective.

8. Slow processing speed can miss active
object.

9. Inability to discriminate between small high
contrast dark and large low contrast objects.

10. System cannot distinguish between a person
moving in a line and waving object.

11. Single processor increase time between
frame comparisons.

12. If an object close to the camera would
activate far more cells than a person in the
background. Simple cell count system may
offer some improvement in false detection
but do not offer accurate size discrimination.

These limitations or problems are eliminated in our
proposed work by using Adaptive Gaussian Mixture
Model.

PROPOSED METHODLOGY Background
modeling by Gaussian mixtures is a pixel based
process. Let x be a random process representing the
value of a given pixel in time. A convenient
framework to model the probability density function
of x is the parametric Gaussian mixture model where
the density is composed of a sum of Gaussians. Let
p(x) denotes the probability density function of a
Gaussian mixture comprising K component densities.
p(X) =FE_ wp N(Xiupop) Eqn.1
Where w; are the weights and N(X; ur o) is the
normal density of mean urand covariance matrix Xk
= owl, (I denotes the identity matrix). The mixture of
Gaussians algorithm, proposed by Stauffer and
Grimson [12] estimates these parameters over time to
obtain a robust representation of the background.
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Block diagram Proposed Methodologies

The work starts with the generation of frame
sequences from the input video. Then the Probability
density functions are calculated for a Gaussian
Mixture comprising K component densities. MFCCs
are obtained as follows [17] [41] First, the parameters
are initialized with wk = wo, uk = po and ok = oo. If
there is a match, i.e. then the parameter mixtures are
updated as per the mentioned equations follow up by
normalizing the weights at each iteration to add up to
1. A threshold A is applied to the cumulative sum of
weights to find the set {1...B} of Gaussians modeling
the background. Intuitively, Gaussians with the
highest probability of occurrence, wk, and lowest
variability in the distribution, measured by ok,
indicating a representative mode, are the most likely
to model the background.

Parameters for Simulation

The parameters that have been used in simulation are
mentioned and briefly discussed below;

1) Number of Gaussian Densities (K): It
represents the number of Gaussian densities
used that are used to compute the PDF.
Calculations have been done for K=3 and
K=4.

2) Background Threshold (A): A threshold A is
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3) applied to the cumulative sum of weights to
find the set {1...B} of Gaussians modelling
the background.

4) Covariance (c): Covariance matrix which is
used in calculation of initial pdf.

5) Component Threshold: Normally taken as
10.
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Flow diagram of proposed methodologies
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Flow chart of Updating MOG’s Model

SIMULATION RESULTS

Car Park Video

1) 520 frame Video.

2) 10 fps.

3) Background: Stable.

4) Hlumination Change: Partial.

5) Obijects to track: Multiple.
The video consists of multiple objects that are
required to be tracked. The system efficiently tracks
both the moving car and the pedestrian. It locks on to
moving man once the car is stationary, and that the
multiple objects have been tracked successfully. The
algorithm has seamlessly detected even multiple
objects as it can be seen from various images where
after subtraction and morphological filtering correct
markers have been implanted.
Input frame from video that consist of multiple
objects like moving car, stationary car and moving
man also. This frame we can see in the Fig.1



International Journal of Engineering Technology and Applied Science

504
100
150
200

250 4

50 100 150 200 250 300 350

Fig 1 Input Frame

To track the multiple objects we have to extract the
best background of this input video and this extracted
image is extracted best background image. As we can
see from the Fig. False detection is more prominently
visible in the initial learning stage that should be
removing after using some applications. When some
false detection occurred in tracked object image after
subtraction frame then we updated the mixture
parameter, and the object is traced successfully with
few false detection being removed by filtering. As we
can see in fig 2.
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Figure 2 Extracted Best Background Image.
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Fig. 3 Initial learning phase after filtering.
After filtering of image frame of initial learning
phase apply hue to detected area for tracking the
object. As we can see in the results Fig. 4.
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Fig. 4after applying Hue to detected area.

Applying Hue to detected area we have to show the
object so we marked the object and traced the object
successfully. As we can see from the Fig. 6.
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Fig. 60bject Marked and Tracked.
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Fig. 7 Multiple Object Detection (Man and car
both moving).
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Fig. 8 Car Stationary and man moving.

The video consists of multiple objects that are
required to be tracked. The system efficiently tracks
both the moving car and the pedestrian. It locks on to
moving man once the car is stationary. However the
initial learning phase was slightly slower than
previous videos owing to the initial visibility in this
video is very poor as the illumination change is
significant and the camera is at a significant distance
away from the object.

Comparison of Past and Present Work
Sr. | Parame Past work Present work
No. ter
. Moge"" GMM, EM AGM, Pixel
method Algoritm Based Process
Change
2 |. Of. Not adapted Adapted
illumina
tion and
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lighting
adaptio
n

Motion
sensing
and
tracking

Individually

Simultaneousl

Compri
sing
compon
ent
densitie
s

o, RHO

a=0.001
RHO =0.001

a=0.002
RHO = 0.002

Deviati
on
Thresho
Id

Not fixed

Fixed

Initial
Varianc
e

8.9758896763
1258

7.9989282714
0397

Backgro
und
Thresho
Id

0.8189502179
6423

0.9561977888
7127

Compo
nent
Thresho
Id

10

10

Accurac
y

Poor

Good

11

Initial
Mix
prop

0.0098568471
3287

0.0086804205
9550

12

Average
Processi
ng Time

10 ms

8 ms

13

Econom
y

Higher Cost

Low Cost

14

Power

More

Less

15

Average
True
Positive
Recogni
tion

75.5%

85%

Evaluation Value True Positive and False

Negative Recognition
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Parame True Positive
ter Rate Value

False Negative
Rate Value

Igorith
m
EM AGM EM AGM
Varial Algorit | Algorit | Algorit | Algorit
ce hm hm hm hm

0.012 0.65 0.85 0.12 0.12

0.012 0.6 0.81 0.20 0.20

0.012 0.57 0.70 0.30 0.30

0.012 0.40 0.60 0.40 0.40

Using the value of evaluation of performance of
proposed algorithm (AGM Algorithm) and past work
algorithm (EM Algorithm) we conclude that the
mean of true positive is 85% with variance 0.012 and
the mean of false negative rate is 0.12. We can also
see from the graph which has plotted between true
positive recognition and false negative Recognition
rate.

08

06 ——

AGM Algorithm

o EM Alorithm

True Positive

02

01 02 03 04

False Negative

Line Chart of Evaluation of Performance of
Algorithm

Conclusion

This paper has presented a detailed account on the
state of the art in the field of Motion Detection
through Computer Vision. The work discussed all the
technologies like Optical flow, Gaussian average etc.
and the mathematical concepts involved in the
algorithms. The paper discussed at length the
advantages using Gaussian Mixture models and
presented the use of Adaptive GMM as an enhanced
tool for motion sensing. The results showed the
effectiveness of AGMM in detection of motion in
videos with varying light intensities and poor
visibilities.  The work showed satisfactory
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performance in terms of its detection capabilities and
learning rate performance.
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