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ABSTRACT

Considering todays growing society and developing technologies which are co-influential 
between each other, there is a larger scope of security concerns, traffic congestion due to 
improper planning and hence a greater need of more intelligent video surveillance.

In this thesis, we have worked on developing such intelligent video surveillance 
system which mainly focusses on cell area such as parking spaces. The system operates on 
outdoor environment with a stationary camera; the main objective of this system is detecting 
and tracking of moving objects mainly cars. 

Two detection algorithms were developed using optical flow as core strategy. In the 
first algorithm the flow vectors were classified based on their magnitude and orientation; the 
GOMAG algorithm. The second algorithm used K-means method on the flow vectors to 
achieve the classification for moving object detection; the SKMO algorithm.

A comparison analysis was done between the proposed algorithms and well known 
detection algorithms of background modeling and Otsu’s segmentation of flow vectors. The 
both proposed algorithms performed significantly better than background modeling and 
Otsu’s segmentation of flow vectors algorithms. The SKMO algorithm showed better 
stability and processed time efficiency than the GOMAG algorithm.

Keywords: Object Detection, Optical Flow, Motion field, Video Surveillance, Object 
Tracking, Segmentation.
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CHAPTER-1

1- INTRODUCTION

1.1 Overview
The aim of this report deals with the video surveillance application giving us a general 

description of object tracking modules with some constraints in hardware and software. The 

goal of this project is to develop more efficient algorithm for detection of moving objects 

such as automobiles in an outdoor environment; the main challenge comes in discriminating 

the different moving objects in a particular frame.

Optical flow can be simply termed as a model of different moving objects because of the 

relevant movement between the observer and the scene [1]. Mostly Optical flow, in its 

original computation, is carried out for slightly smaller regions consisting of negligible or 

very small motion and is not accurate.

Multi-object tracking is a difficult problem with many important applications [2], where 

firstly we estimate the trajectories of multiple interacting bodies from video input in 2D plane 

or in 3D object space. Tracking can be considered as of a first ordered Markov chain [3]

where in the locations of the detected objects at say ‘t’ are predicted or can be tracked from 

the previous frame or time step ‘t-1’, then they are compared to the present image data and 

refined, this process for the next time step as well. The main point which comes out is that if 

at all a failure occurs then the system is collapsed since the track is lost, the information 

going to the continuation step is wrong resulting in a failure. We can generally come across 

this problem in object to object interactions and when occlusions occur.

The other critical aspect lies in identifying and tracking the image segments to its 

corresponding objects, in the scenario of a static camera model this can be overcome by 

background modeling [4]. Although this case wouldn’t be valid for larger background 

changes or for a moving camera model. In order to avoid this, it’s important to combine 

tracking and detection.

The below block diagram is the step by step representation of detection and tracking of the 

moving object as discussed, which starts with the background subtraction technique, to get 



10

the moving objects, then updating the background in a continuous process and initializing the 

background frames. Later on segmenting the obtained flow and tracking is done.

Figure 1: Block diagram of moving object detection and tracking.

1.2 Objectives and Problem statement
Which segmentation technique is best to overcome current problems, as mentioned 
above, in tracking?

How useful is optical flow in detecting and tracking of motion in a parking space?

Assumptions: Camera is static. Testing video is self-recorded but also considered 
different data sets.

In this thesis we introduce two different algorithms for detection and tracking of multiple 
motions in a video, implementing the optical flow vectors as our core strategy. We have 
investigated different algorithms/methods in achieving better results and to overcome the 
current problems in the process. In the thesis we will give a brief description about optical 
flow, pyramidal optical flow and obtaining the flow vectors. Then our two new suggested 
algorithms of GOMAG Algorithm and SKMO Algorithm are presented. The GOMAG is 
developed by considering a function defining gradient magnitude and orientation in order to 
classify the flow vectors and to track them. The SKMO algorithm, a different technique 
compared to the GOMAG involves K-means for segmentation of flow vectors.

Input Video Background frame 
Initialization

Background 
subtraction

Motion Detection

Segmentation

Updating background

Tacking
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1.3 Motivation
In this world of technological advances, with the growth in population, the usage of 

surveillance monitoring and analysis is also increased. The idea of dynamically finding 
empty spaces in a parking lot is one of applications of such monitoring and analysis. This can 
also help us in solving the tracking issues and saving lot of time for the drivers in finding 
spaces to park. By tracking the vehicles the security constraint can also be fulfilled.

1.4 Literature Study
Motion field is nothing but the spatial movement, whereas on the image plane, motion of the 
object is incorporated by the differences of grayscale distributions of particular image 
sequences and if this motion field is transformed on to the image, then it describes the optical 
flow field which represents the changing tendency of each grayscale pixels in image. The 
optical flow may be explained as the ephemeral velocity field caused due to the motion of
pixels.

Figure 2: Detection of optical flow in an image plane [5].

1.4.1 Lucas-Kanade method

Lucas- kanade 
pixel positioning [6], which means a pixel at location  (x,y,t) has a move
the next frame and is given by the equation:

( , , ) = ( + , + , + ) (1)

On assumption of the image being small, the image constraint at I(x,y,t) with respect to 
Taylor series is derived as below [7]:

( + , + , + ) = ( , , ) + + + +   (2)
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The higher order terms are smaller and hence can be ignored. From equations (1) and (2):+ + = 0 (3)

Or + + = 0 (4)

which results in [8],+ + = 0 (5)

Vx,Vy represent the velocity of x and y components or simply the optical flow of  I(x,y,t), 
where I/ x, I/ y, I/ t represent the derivatives of image at (x,y,t).

Equation (5) which can be termed as the optical flow constraint equation  as it expresses the 
limitation on Vx and Vy of the optical flow, it can be written as:+ = (6)

Or  = (7)

In order to calculate Vx and Vy we need two equations as we have two unknowns but from 
above we only have one equation with two unknowns, so it is not possible to find them. So, 
we need another set of equations with some additional number of constraints. Lucas and 
Kanade’s solution gives a non-iterative method assuming locally constant flow.

The above algorithm assumes that motion vectors do not change but they rather shift from 
one position to other in any region considered. Assume that the flow Vx, Vy in a MxM 
window , M<1  centred at (x,y) while numbering the pixels as 1,2,3…..etc, and the equations 
which can be derived are : + =+ = (8)+ =
Hence we can obtain two unknowns and M by M equations. 

.     
.  = . (9)
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Or = (10)

Least squares method is used to solve these equations.C = ( ) (11)= ( ) ( ) (12)

Or

= (13)

The values of i changes from 1 to n. In order to calculate motion vector (13) the condition is: 

= (14)

The flow is calculated by taking the derivatives in x, y and time direction. This method is 
accurate and robust in the presence of noise but sometimes the flow information tends to fade 
out across the motion boundaries.

1.5 Organization of the report:
The remaining part of report is organized as:  Chapter 2 explains about earlier works and 
discussing some of the techniques such as optical flow detection, tracking and the optical 
flow applications. Chapter 3 explains about the modeling and implementation of our work 
including system set up, test image sequences, dominant object detection, segmentation and 
tracking. Chapter 4 deals with the results. Chapter 5 concludes the thesis and suggestions for 
future work.



CHAPTER-2

Background and related work
Lucas-Kanade is known for its accuracy and efficiency in the extraction of 2D motion field. 
On comparison of different optical flow methods on image sequences, Barron [9] concluded 
that the most reliable and efficient one was the Lucas and kanade’s first order local 
differential method. Whereas accuracy and efficiency trade-off in different algorithms of 
optical flow are studied by Liu [10], mainly focusing on the algorithms related to motion 
implementations in real time. In the process he has used a particular image sequence to 
compare the new dimensions in algorithm design in a less complicated way considering these 
metrics. He concluded that although few gradient models and correlation methods looked 
similar theoretically but the implementations were different. The knowledge of pros and cons 
was significant in selecting an algorithm for applications in real time. Hence the results stated 
that Lucas-kanade was very fast comparatively.

Assessments in the performance of different optical flow algorithms were always difficult 
due to the complexities in the data sets containing complex scenarios. As many as 8 optical 
flow algorithms were studied by Galvin, where Lucas Kanade consistently gave better results 
like accuracy in depth maps, with low computational cost and with a better noise tolerance. 
The method developed was also used to test the response of image noise on the performance 
of that algorithm. The conclusions from him were, that the “error size depends on the 
magnitude of the flow”, “averaging the individual errors is nothing but the equivalent of large 
errors in a small region or a small errors in a large region” [11].

2.1 Optical Flow Detection
Optical flow which in best called as optic flow was first introduced by James J. Gibson an 
American Psychologist during 1940s. The main aim of him was to show visual stimulus 
provided to animals moving through the world.  Optic flow can be described as a pattern 
during different scenarios caused by relative motion between an observer and the scene. The 
patterns may be like visible motion of objects, surfaces and edges in a visual scene. 
According to James within an environment any actions can be recognized if necessary 
through optic flow which has the ability like affordance perception. This approach what 
Gibson had done made a huge followers who then found interesting how Gibson had made 
his approach like ecological to psychological, by making his followers to demonstrate further 
on optical fiber role like for the understanding of movement by the observer; percipience of 
the shape, distance and motion of objects in the world; and the control of its locomotion. 
Lately the word optical flow is even incorporated in the field of robotics for the study 
pertaining to image processing and for navigation control like detection of motion, 
segmentation, cynosure on calculations and motion related encoding techniques [8].
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Figure 3: Optical flow representation [12]

The size of the arrow and its direction at points indicate the magnitude and direction of 
optical flow.

Figure 4: Reference video sequence 

Figure 4 shows one of the images in the video sequence subjected to moving object detection 
using optical flow.
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Figure 5

Figure 5 shows two other images in the video sequence subjected to moving object detection 
using optical flow.

The above images in figures 4 and 5 represents typical images which were used in the 
moving object detection applying optical flow. 

In a video sequence the velocity of a target can be measured by estimating optical flow from 
consequent frames of the video.  Optical flow can also be termed as the dissemination of the 
apparent velocities of target objects in a sequence. When it comes for a motion based object 
detection or tracking that particular object’s Optical flow can play a major role. It is obvious 
when two objects are moving with same speed in the same direction, the object that is closer 
to the camera or in general the moving objects that are closer to camera display more 
apparent motion than distant objects [13]. As it was mentioned earlier optical flow plays a 
major role when it comes to tracking an object by using Optical flow estimation in computer 
vision, to individualize and calibrate the motion of objects in video stream.

2.2 Object Tracking
Some of important issues related to the object tracking are listed as it follows:

1. In computer vision one among the important tasks are object tracking 

2. In video analysis there are two major steps [14]

Detection of moving objects 

Frame tracking of such objects

3. To recognize behavior of object an Analysis should be applied in which tasks such as 
motion based recognition, automatic surveillance system, video indexing, human-
computer interaction etc. the use of tracking is pertinent.
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4. The input data is generally the processed data from a temporal image sequence in a 
motion analysis system.

5. Motion analysis system also requires information about the segmentation and tracking 
of that particular object even when the object is occluded in video frames.

6. There are two phases of processing for video object tracking

for a moving objects recognition and classification 

tracking of these objects with motion.

7. Types of objects are classified during the phase of recognition and classification of 
moving objects such as machine, vehicle or humans etc.  

2.3 Uses of Optical Flow Vector
Majority of the optical flow research has been concentrating on motion estimation and video 
compression. Through the techniques of motion estimation a dense motion field is delivered 
which is trivially similar to optical flow field. The study of optical flow is just not on the 
optical flow field but also in three dimensional nature and structure of the scene and 3d 
motion of objects as well as observer relative of the scene in which image Jacobian is one 
which most of them have been using.  Researchers from robotics have used optical flow in 
areas such as motion detection, tracking, image dominant plane extraction, object detection, 
robot navigation and visual odometry [6].

There are many other aspects in optical flow, not just motion of the observer and objects in
the scene but also object structures and its environment.  When it comes to the field of 
machine vision the intrinsic ability, related to a computer capability, is very crucial which
helps importantly in vision awareness of motion in human and animals by generating very 
effective maps of structure of an environment.

Figure 6: Optical Flow vector of moving object in a set of frames [15]

Consider a field with a five frame sequence in which a ball is travelling from the bottom left 
to the top right. By means of motion estimation technique it can be seen as ball is moving up 
and to its right and this can be extracted as sequence of frames and this is described through 
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vectors for video compression like MPEG [16]. The point which is unknowable is whether 
the observer is moving to the right or the actual ball is moving. When it comes to machine 
vision yet it is critical information. If a static background is found in the given five frames, 
we couldn’t confidentially state that the ball is travelling from left to right because of the 
point that the pattern might be at an infinite distance from the viewer.



CHAPTER-3

Modeling and Implementation

3.1 System design 
In this chapter we discuss about the setup for recording the video of parking lot and the video 
sequences which are considered.

3.1.1 Set up 

We have used a tripod and a camera with following specifications to record the image 
sequences of the parking lot outside BTH.

Camera: Canon 550 D, 18 MP,

Lens: 18-55 mm,

Software: Matlab R2013b.

The setup is shown in figure 7.

Figure 7: Experimental setup
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We have continuously recorded the video sequences in different timings particularly in the 
busy hours of the day for a continuous period of seven days.

3.1.2 Test image sequences

As shown in the figure 7, the image sequences are taken from the shown set up at different 
busy hours of day, below are some of the frames at different timings for example. 

Figure 8(a)

Figure 8(b)                                   
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Figure 8(c)

Figure 8: Image sequences at different hours of the day

As shown in the above figure, it represents the image sequences at different busy hours of the 
day. We have taken these test image sequences in such a way that they should contain 
considerable amount of illumination changes and shadows occurrences.

3.2 Detect and Tracking

In a video sequence, if an object is changing its location with respect to its background then 
that particular object is said to be in motion. 

During certain times keeping track of that moving objects of video sequence is very crucial 
and keeping track of that moving objects is known as motion tracking 

In all the algorithms we have implemented, the sequences of steps are mainly the same which 
are listed below:

There are three main components that constitute the intelligent video 

surveillance mechanism:

(1) Background modeling and object detection,

(2) Tracking,

(3) Object recognition.

The system first considers the field of vision or the scene, observes it and tracks moving 
objects such as vehicles, humans etc. In case of using a PTZ camera (Pan Tilt Zoom) camera 
[17], it is possible automatically select an object of interest and more than one area of interest 
can be observed because of the pan tilt programming feature where the  particular part of 
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scene is studied and evaluated independently. As the name itself suggests that the camera can 
zoom and tilt on a particular scene of interest if necessary. The light tracking feature comes in 
to play in these types of scenarios as the system locks the camera on to a particular object 
either by initiating the system manually by the user or by any of the above modes. But as we 
are not using any PTZ camera’s in our experiment, we go through every detected object 
without considering it separately.

3.2.1 Background Modeling and object detection

Background analysis components like background suppression, removal and subtraction are
included in most of the intelligent video surveillance systems. A simple static background 
model is assumed by most of them but in some cases a probabilistic neural network is used 
for background modeling which in turn helps in producing a probability map [18]. In this 
case, every pixel is assigned with its own probabilistic neural network value considering that 
particular color as its input data where the output represents the probability of this pixel being 
background. The color histograms of these corresponding pixels result in the weights of each 
Probabilistic neural network. In our case we use simple static background model and 
background subtraction technique because the camera is static in our experiment, In 
background subtraction we use frame differencing mechanism as it is easy to find the 
foreground object. Background subtraction works well in obtaining the shape of the object 
with a condition that the intensity of the detected object is amply different from the 
background. Background subtraction is also termed as foreground detection as the image’s 
foreground is detected , typically the area of interest in the image’s region are objects such as 
people or cars etc. and this method works well with static cameras. It detects the motion from 
the difference of current frame to that of the previous frame. 

Figure 9 represents an example of a frame with background segmentation where motion is 
detected and by using thresholding a blob is been created. 

Figure 9: Example of a frame with background subtraction
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The limitations of this model are with illumination changes, the slight motion in the 
background (minute movement), and considering the case of trees/plants moving due to wind 
or the reflection of light on water/glass particles. Background subtraction method has more 
limitation in case of having a dynamic camera.

The points to be noted in the case of frame differencing are, if a particular object is not in 
motion or if it is static then that object is not detected, it is considered as background. In this 
model it is hard to notice if the object is leaving or coming towards the camera without 
referring to the previous position of the object as it only detects leading and trailing edge 
resulting in labeling of few pixels on the object.

3.2.2 Dominant motion detection and processing

In a given video sequence, by the help of frame differencing approach we have got the 
moving objects and our first challenge was to find the dominant object from the acquired 
results. In order to detect multiple motions in an image pair, we have to first compute a single 
motion and therefore the object corresponding to this motion will be identified. The motion 
here is called as dominant motion and the object as dominant object. After the dominant 
object is known, it is omitted from the region of analysis and then the whole process is done 
again until we get the other motions like as it was proceed in [19].

From equation (6) + = (15)

Hence a motion ( , ) should be found for the error function which is minimized at frame t. 

( ) , = (( , ) + + ) (16)

The error minimization is done over two parameters (translations) which are,( , , ) = ,   ( , , ) = . To minimize the error function the relative derivatives with 
respect to ‘a’ and ‘d’ are equated to zero, This results to two linear equations with variables 
‘a’ and ‘d’. These two equations are the optical flow equations [20] [21].

3.2.3 Segmentation:

Furthermore after processing the motion parameters from the constructed a Gaussian 
pyramid, starting from a low resolution level the error minimization is done by solving the 
linear equations. By using the obtained flow vectors ‘u’ and ‘v’, we have warped and 
registered the two images and this process continued for supplementary rectification.

Figure-10 represents typical input images, not taken from our current setup. The pyramidal 
process of finding motion vectors ‘uv’ is done and finally Figure-11 is the warped and 
registered image.
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Figure 10: Typical input images.

Figure 11: The result as warped and registered image.

According to the detected motion, as shown in the above figure two images are registered by 
cancelling the motion in them. So the problems in finding out the stationary regions are 
reduced by implementing this segmentation process.

By taking the normalized local differences, it can differentiate if the pixel is moving or not 
[22].

If a pixel is measured to have a high motion then that pixel is considered as moving pixel. For 
a pixel motion along an edge and at uniform regions the measured motion will be low, but it 
does not mean that it is stationary pixel. So, to find a pixel to be stationary, the accuracy of 
motion measurement is calculated. To differentiate from moving pixel to stationary, the 
motion measure (B (x, y, t)) (17) should be low and reliability (18) should be high.

The motion measure is defined as: Let I(x, y, t) and I(x, y,t+1) are the intensities at t and t+1 
of registered images, and the spatial intensity gradient be I(x, y, t) and the weights as | I(xi, yi, t)| [19].

B (x, y, t) | ( , , ) ( , , )|.| ( , , )|( , ) ( , ) | ( , , )|( , ) ( , ) (17)
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R(x, y, t) (18)

The obtained motion measure output for the considered input in Figure-11 is shown in the 
below figure

Figure 12: Output of Motion measure ‘B’ 

As we can clearly see that it is hard to differentiate between the dominant motions as it has 
some noise and we tried to figure out to differentiate the pixels to be stationary by using the 
histogram of this motion measure. But the histogram also suggests the similar values and it 
was difficult to select the right thresholding value. To overcome this we opted for the Otsu’s 
method of global image thresholding.

3.2.4 Otsu’s method

In motion measure image, the grey level values of moving objects are considerably different 
from that of stationary or the background, here thresholding plays a major role in the 
separation of foreground motion and background. Here pixels with grey level values greater 
than the threshold value are considered as motion and which are below the threshold values 
in the background. The Otsu’s classification method [23] was used to obtain such 
thresholding value.

We have used some morphological operations like eroding and dilation for the obtained 
motion measure as well and comparatively the results were more applicable as shown in the 
below Figure 13.
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Figure 13: Motion measure after morphological operations

The tracking is also done for this model, which is explained in the chapter 3.3 and the result 
is shown in Figure-19. This approach was difficult in finding multiple motions because of the 
complexity and the computational time. Another problem was also due to need of numerous 
thresholding computations which each was suited to a particular datasets but not for a general
usage.

3.2.5 GOMAG Algorithm

Our next attempt was to develop an algorithm with gradient magnitudes and orientation of the 
pixels, having the data obtained from the flow vectors we processed the gradient magnitudes 
and orientation and differentiated the motions. The results showed significant improvements
comparing with the earlier results as it is shown in the below Figures 14 and 15.



27

Figure 14: Multiple motion detection using Gomag

Figure 15: Motion detection using Gomag

As we can see that in Figure 15, there were actually 3 motions in that frame, but due to noise 
and illumination changes the detection is not accurate. As our intention was as to have more 
like a dynamic way of approach with least amount of thresholding, we ended up at K-means 
for segmentation.
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3.2.6 SKMO Algorithm

This algorithm uses k-means algorithm combined with optical flow detection and tracking in 
the next section to overcome occlusion. The k-means is also termed as least squares 
partitioning method, which can simply be explained by a small assumption. Let us consider a 
pack of pens of different sizes/colors which are placed on a table and k-means can be used to 
simply make them as groups considering their similarity. 

It can be explained as the partitioning or separation of group of objects in to ‘k’ number of 
clusters. The steps involved in K-means clustering are:

Defining the centroids (k) one for every cluster.
Assigning the objects to the centroids close to them.
Recalculating the positions of the centroids.
Repeating these steps until the centroids doesn’t have any more change.= ( ) (18)

Where k is the number of clusters, u is the centroid for points [24].

Our first problem with K-means clustering is better explained by considering the below 
Figures of 16 and 17. Due to occlusion, it’s a challenge to differentiate between two motions.

Figure 16: Segmentation by SKMO.

Figure 17: problem of occlusion in SKMO algorithm

We have developed a condition which is introduced in the first frame to differentiate between 
the motions depending on the distance of the detected objects, if the distance is less than a 
particular threshold then those segments are considered to be belonging to the same 
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object/car. This threshold value can be changed depending on the distance from the camera 
and the scene of interest. To overcome this problem of occlusion, we have considered the 
previous position of that particular object to consider its reliability. It is clearly explained in 
next chapter.

3.3 Tracking
As shown in the below Figure-18 a blob is created for each frame where motion is found, a 
blob is created by finding the centroid of the detected motion and considering its corners and 
then drawing a rectangle around it. Blobs occurring in consecutive frames are integrated to
check if they have a similar shape and color resulting in forming a track. These tracks 
symbolize objects of interest which are detected in the first step and are indicated by their 
shape, movement and color. All the blobs from a particular frame are referred to the most 
lookalike tracks, saying that there might be a numerous occasions where the blob references 
fail.

The main causes for these types of tracking failures are due to:

The detected objects leaving the field of interest
Or blobs disappearing between frames
Due to heavy traffic and multiple motions
Problem of occlusion
Problems in blob segmentation due to noise. Etc.

One method to overcome some of these problems is to use a bootstrap filter which benefits in 
finding the foreground region which looks more rational with that particular blob motion and 
colour but if this fails then the track terminates [17].

Figure 18: Problems in tracking 
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Figure 19: Tracked part of motion measure ‘B’

To overcome such problems arising in some frames, we have looked if the centroid of tracked 
object is within a certain distance from the already tracked object in previous frame, if it’s not 
then it is noise. The tracking models for all the implemented models are shown in the 

3.4 Object Recognition
Mainly the extracted motion which is represented by blobs is labeled as either pedestrian or 
vehicle or an unknown considering their geometry. As we have a very wide field of parking 
space, almost all the pedestrians are considered as noise and gradually eroded due to 
thresholding. Numerous researchers have addressed this topic terming the pedestrians to be 
articulated with a relatively high resolution. After many researches about the classification of 
object recognition, mainly three features were found to be of great importance namely: the 
orientation of the shaped blob, the near horizontal-vertical axis ratio and the occupancy of the 
blob inside its bounding area.



CHAPTER 4

Results
In this section we are going to present the results after tracking for all the algorithms we have 
worked on.

Figure 20: Tracking by Otsu’s model 

The above Figure-20 shows one of typical output from the Otsu’s method.
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Figure 21: Tracking by the GOMAG Algorithm

The above Figure-21 shows the output tracking by parameters involving gradient magnitude 
and orientation.

Figure 22 (a): Tracking by the SKMO algorithm



33

Figure 22(b): SKMO tracking

As we can see from figures 22(a) and 22(b), tracking is done for multiple moving objects and 
in figure (b) it is seen that the problem of occlusion is significantly reduced by keeping a 
track of previous frames and avoiding the tracked path.

Data Sets:
We have considered two different data sets. In the first data set [25], we have our own videos 
which are recorded by a still camera as shown in figure 7 experimental set up, whereas in 
data set [26], we have taken some random video and evaluated our algorithms and the results 
are presented in below.
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Some of the frames of datasets are shown in the below in figure-23 and figure-24.

Figure 23: Example frame in Data set 1

Figure 24: Example frame in data set 2
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Graphical Representation of the results:

Figure 25: Traffic comparison by different techniques for Video 1 in Data set 1

The statistical representation considering the first data set is shown in figure 25, where total 
cars in the particular region, the outputs of two algorithms of the GOMAG algorithm (based 
on gradient magnitude and orientation) and the SKMO algorithm are represented. As it can 
be observed the performance of the SKMO is better compared to the GOMAG, considering
having least number of miss rate or false alarm.
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Figure 26: Comparison of processing time for Video 1 in Data set 1

Above figure represents the processing time for each frame for a total of 45 frames and the 
processing time by the SKMO algorithm is relatively faster compared to the GOMAG 
algorithm.
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Figure 27: Traffic comparison by different techniques for video 2 in Data set 1

The above is the statistical data for the algorithms from the second video of dataset 1 having 
300 frames.

The occurrence of occlusion caused the wrong detection of motion which is considered as a 
miss rate.

25 50 75 100 125 150 175 200 225 250 275 300
Cars detected by GOMAG

algorithm 1 2 1 1 2 2 2 2 2 2 1 1

Cars detected by SKMO
algorithm 1 1 1 1 2 2 2 3 3 2 2 1

Total cars in that particular
frame 1 1 1 1 2 2 2 3 3 2 2 2

0

0.5

1

1.5

2

2.5

3

3.5

N
um

be
r o

f c
ar

s 

Frame Number 

Traffic comparision by different techniques 
for video 2 in Data set 1 



38

Figure 28: Comparison of processing time for video 2 in Data set 1
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Figure 29: Traffic comparison by different algorithms for Data set 2

Figure 30: Comparison of processing time per frame for data set 2

The SKMO clearly has a better processing time than the GOMAG algorithm, the accuracy or 
the hit rate comparison is also significantly better.

Table 1: Hit rate or accuracy percentage comparison for GOMAG and SKMO algorithms

Algorithm Hit Rate (or) 
Accuracy for Video 
1

Hit Rate (or) 
Accuracy for Video 
2

Hit Rate (or) 
Accuracy for Video 
3

GOMAG algorithm 70.53% 77.66% 74.24%

SKMO algorithm 84.123% 91.67% 67.78%

The graphical representation is shown below:
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Figure 31: Performance accuracy curve

On a whole, comparing both the algorithms with different data sets, the accuracy of the 
SKMO algorithm is consistent compared to the GOMAG.
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CHAPTER 5

Conclusion and Future Work
In this thesis, we have presented a video surveillance system for a parking area. We 
implemented mainly object detection (moving car) using optical flow vectors, to differentiate 
moving objects from background where different segmentation techniques were used.

The evaluation results were presented in the previous section and accordingly we can 
conclude that the Otsu’s method has its limitations such as not predicting right thresholding 
value for each and every data set, and the processing time for each frame is quiet high. We 
have compared the results of the GOMAG algorithm (based on gradient magnitude and 
orientation) to the SKMO algorithm and clearly the SKMO is shown to be more reliable with 
less processing time, which is very essential in tracking and detection in real time 
applications like in a parking space. But from the performance accuracy curve, the data set 2 
has a lot of technicalities involved such as shadows, illumination changes; in this case the 
GOMAG algorithm performs better although the processing time is more.

The main use of optical flow is the effective and promising output of flow vectors taking very 
less processing time. By using pyramidal optical flow, a sized window is passed through 
frame and every minute moment is noted which is very essential in our work.

The main advantages of Moving car detection in a parking space are:

It can be used for security purpose
It can be used to charge that particular parking space; considering its frequency of 
use.
The need  or requirement of the number of parking spaces
To know how the traffic works.

The Otsu’s method was used basically for grey level thresholding to differentiate from 
background and moving objects, the problem with this method was the use of thresholding 
and it doesn’t work for all the video sets. The next method was the GOMAG algorithm, with 
acceptable results however when illumination changes occur then the algorithm doesn’t 
perform well; that is all the moving objects are not detected. In order to avoid occlusion and 
illumination changes the SKMO algorithm technique was used, the occlusion problem was 
not  totally resolved but by means of tracking the objects, previous position and making a 
condition to track, it reduced the occultation problem significantly and up to some extent in 
which is promising for future work.
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