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ABSTRACT 

 

This thesis attempts to develop features identification and tracking system for an 

autonomous ground vehicle by focusing on four fundamental tasks: Motion detection, object 

tracking, scene recognition, and object detection and recognition. For motion detection, we 

combined the background subtraction method using the mixture of Gaussian models and the 

optical flow to highlight any moving objects or new entering objects which stayed still. To 

increase robustness for object tracking result, we used the Kalman filter to combine the tracking 

method based on the color histogram and the method based on invariant features. For scene 

recognition, we applied the algorithm Census Transform Histogram (CENTRIST), which is 

based on Census Transform images of the training data and the Support Vector Machine 

classifier, to recognize a total of 8 scene categories. Because detecting the horizon is also an 

important task for many navigation applications, we also performed horizon detection in this 

thesis. Finally, the deformable parts-based models algorithm was implemented to detect some 

common objects, such as humans and vehicles. Furthermore, objects were only detected in the 

area under the horizon to reduce the detecting time and false matching rate.  

 



iii 
 

Acknowledgements 

 

I would like to express my gratitude and appreciation to my advisors, Dr. Alfred L. Wicks and 

Dr. John Bird for their invaluable support and guidance throughout my years at Virginia Tech. I 

could not have made this far without their inspiration and instructions in Mechatronics I and II  

in my first semesters at Virginia Tech. Special thanks to Dr. Alfred L. Wicks and Dr. John Bird 

for their constructive advices and efforts in reading and commenting on my thesis. 

I would also like to thank the master committee members, Dr. Alexander Leonessa and Dr. A. 

Lynn Abbott, who have given me their concern and advices to complete my thesis. Special 

thanks to VEF fellowship foundation for supporting me in pursuing my graduate studying at 

Virginia Tech. 

Thanks to all my Vietnamese friends at Viet Tech, Vietnamese students at Virginia Tech, for 

making my time here so memorable. Finally, this thesis is dedicated to my parents and family for 

their incessant love and care, which always encouraged me to overcome the most stressful 

moments and complete my Master’s degree. 

All photos by Author. 

Chuong Hoang Nguyen 
  



iv 
 

Contents 

 

1. Introduction. 

1.1.   Motivation and Overview........................................................................... 

1.2.   Aims and Objectives................................................................................... 

1.3.   Outline of thesis.......................................................................................... 

 

2. Literature review:  

2.1.   Introduction................................................................................................. 

2.2.   Foreground segmentation and motion detection......................................... 

2.2.1. Background subtraction and background modeling................................... 

2.2.2. Optical flow................................................................................................ 

2.3.   Object tracking............................................................................................ 

2.3.1. Kernel tracking using color......................................................................... 

2.3.2. Invariant features tracking.......................................................................... 

2.3.2.1.Keypoint detectors.......................................................................... 

2.3.2.2.Feature descriptors.......................................................................... 

2.4.   Scene recognition........................................................................................ 

2.4.1. Scene gist.................................................................................................... 

2.4.2. Bag of word................................................................................................ 

2.4.3. CENTRIST................................................................................................. 

2.5.   Object detection and recognition................................................................ 

2.5.1. Boosted cascade of simple features............................................................ 

2.5.2. Histogram of gradient descriptor................................................................ 

2.5.3. Deformable parts based model................................................................... 

2.6.   Summary..................................................................................................... 

 

3. Motion detection and Object tracking  

3.1.   Introduction................................................................................................. 

3.2.   Motion detection......................................................................................... 

3.2.1. Mixture of Gaussian Modes....................................................................... 

3.2.2. Optical flow................................................................................................ 

3.2.3. Combine background subtraction and optical flow.................................... 

3.3.   Object tracking............................................................................................  

3.3.1. Continuous adaptive mean shift (Cam Shift).............................................. 

3.3.1.1.Target model and back projection probability................................ 

3.3.1.2. CAMSHIFT algorithm................................................................... 

3.3.1.3. Experimental results....................................................................... 

3.3.2. Invariant Feature tracking........................................................................... 

3.3.2.1. Framework..................................................................................... 

3.3.2.2. Feature matching and object location............................................ 

3.3.2.3. Experimental results....................................................................... 

3.3.3. Combine Global and local feature for tracking........................................... 

 

 

1 

2 

2 

 

 

4 

4 

5 

8 

13 

13 

18 

19 

26 

32 

32 

35 

38 

41 

41 

43 

46 

48 

 

 

50 

50 

50 

56 

59 

61 

61 

61 

62 

63 

66 

66 

67 

69 

74 

 



v 
 

  
3.3.3.1. Limitations of color tracking method and invariant feature 

tracking method.............................................................................. 

3.3.3.2. Kalman filter.................................................................................. 

3.3.3.3. Combine color tracking and invariant feature tracking methods 

using Kalman filter......................................................................... 

3.3.3.4. Experimental results...................................................................... 

 

4. Scene Recognition  

4.1.   Introduction................................................................................................. 

4.2.   Scene recognition using CENTRIST.......................................................... 

4.2.1. Framework.................................................................................................. 

4.2.2. Principal component analysis...................................................................... 

4.2.3. Support vector machines............................................................................. 

4.3.   Experimental results................................................................................... 

 

5. Object recognition and detection 

5.1.   Introduction................................................................................................. 

5.2.   Discriminated parts-based models.............................................................. 

5.3.   Horizon detection........................................................................................ 

5.4.   Experimental results.................................................................................... 

 

6. Conclusions and future work 

6.1.   Summary..................................................................................................... 

6.2.   Future work................................................................................................. 

 

References.......................................................................................................................... 

 

 

74 

75 

 

75 

77 

 

 

80 

81 

81 

82 

83 

86 

 

 

89 

89 

92 

95 

 

 

98 

99 

 

100 

 

 

 

 

  



vi 
 

List of Figures 
 

 

2.1 Example of simple background subtraction. (a) First frame. (b) Second frame. 

 (c) The absolute subtraction………………………………………………………...… 

2.2 Illustration of background subtraction using cross correlation: (a) Previous frame    

(b) Current frame (c) Absolute difference of quadrant 4
th

 , which has the correlation 

ratio less than threshold (d) Otsu threshold image (e) Morphology and component 

connected analysis (f) tracked object marked by red rectangle……………………..… 

2.3 Illustration of optical flow method (a) The first frame. (b) The second frame.          

(c) Optical flow image: each arrow points the direction and magnitude of the optical 

flow at each pixel. (d) Threshold the magnitude of optical flow and applying some 

morphology filters to segment motion……………………………………………..….. 

2.4 Illustration of estimating density function from discrete data……………………….... 

2.5 Illustration of asymmetric kernel tracking: (a) and (c) Tracking results using 

asymmetric kernel. (b) and (d) tracking results using traditional mean-shift……….… 

2.6 Tracking using invariant feature frame work………………………………………..... 

2.7 Illustration of SURF detector:  (a) and  (b) The discretized Gaussian second order 

partial derivatives in y-direction      and xy-direction    . (c), (d), (e) Gaussain 

second derivatives are approximated by box filters in x, y, xy directions   

respectively..................................................................................................................... 

2.8 Illustration of Center-Surround bi-level filters. (a) circular symmetric filter 

approximating the Laplace of Gaussian filter. (b)(c)(d) Approximation of circular 

filters (octagon, hexagon, box) are less symmetric but much faster and easier to 

implement…................................................................................................................... 

2.9 Illustration of BRISK detector (a) Scale-space interest point detection. (b) The 

BRISK sample pattern with N= 60 points which are represented by blue dot………... 

2.10 Illustration of SIFT descriptor: 16 sub-region SIFT descriptor with scale   

information..................................................................................................................... 

2.11 Illustration of SURF descriptor: (a) Haar wavelet filter in x and y directions 

respectively, the black is +1, the white is -1. (b) Rotating angular window sums 

element vectors up into one vector for each discretized angle. (c) The square region 

centered at the keypoint and oriented along the orientation........................................... 

2.12 Illustration of FREAK descriptor: (a) Framework for computer vision mimics   

human retina structure. (b) Distribution of Ganglion Cells over the retina in which 

more cells focus at the center. (c) FREAK sampling pattern with samples   

distributed in concentric circles. (d) Symmetric receptive fields used to compute the 

local gradient.................................................................................................................. 

2.13 Illustration of spatial envelop: Different scenes (upper images) and their surface 

representation (shape) (lower images), where the height level corresponding to the 

intensity at each pixel..................................................................................................... 

2.14 Illustration of image spectrogram (a) A city scene (b) Global energy spectrum                 

(c) Spectrogram of the image......................................................................................... 

2.15 Illustration of discriminant spectral template (a) Natural openness (b) Manmade 

openness   (c) Natural ruggedness (d) Manmade expansion. (e) Examples of 

 

5 

 

 

 

6 

 

 

 

9 

15 

 

18 

19 

 

 

 

22 

 

 

 

23 

 

25 

 

26 

 

 

 

27 

 

 

 

 

31 

 

 

33 

 

34 

 

 



vii 
 

naturalness degree........................................................................................................... 

2.16 Flowchart of the Bag of Word for scene recognition..................................................... 

2.17 Illustration of constructing spatial histogram in BOW algorithm.................................. 

2.18 An example of Census Transformed image. (a) The original image (b) The CT 

transform image.............................................................................................................. 

2.19 Illustration of splitting each level image in the image pyramid to compute 

CENTRIST..................................................................................................................... 

2.20 Illustration of building generalized CENTRIST (a) Example of computing 

generalized CENTRIST. (b) Procedure to create the generalized CENTRIST 

vector.............................................................................................................................. 

2.21 Illustration of cascade classifier (a) Schematic depiction of the cascade classifier.   

(b) Two features are applied to recognize human face................................................... 

2.22 Illustration of generalized Haar Wavelet filters: (a) Edge features (b) Center-

surround features (c) Line features (d) Summed Area Table and Rotated Summed 

Area Table...................................................................................................................... 

2.23 Illustration of HOG descriptor: (a) Procedure to compute HOG description. (b) An 

example of human image and its visualized HOG descriptor........................................ 

2.24 The flow chart of applying HOG descriptor to train classifier and detect 

object............................................................................................................................... 

2.25 Example of using the pictorial structure to detect a human (a) a binary image 

obtained by the background subtraction and the rectangular template was matched to 

recognize the human. (b) Recognition result.................................................................. 

2.26 Example of two component discriminated parts-based models for a bicycle. (a) and 

(e) Images of bicycle at two orthogonal views. (b) and (f) Visualization of HOG 

global filter which capture the entire object at coarse solution. (c) and (g) 

Visualization of HOG local filters which capture each part of object at finer solution. 

(d) and (h) Visualization of deformable models............................................................. 

2.27 27 Illustration of the procedure to detect object using discriminated parts-based 

model:   (a) Image pyramid, (b) The HOG feature pyramid, (c) Discriminated parts-

based model.................................................................................................................... 

 

3.1 The flowchart of motion detection and tracking............................................................ 

3.2 Flow chart of updating MOGs model............................................................................. 

3.3 Screenshot of tested video’s frames............................................................................... 

3.4 Experimental results using the MOG algorithm for moving objects detection.............. 

3.5 Evaluation the performance of the MOG algorithm...................................................... 

3.6 Experimental results using a 3-layer pyramid Optical Flow.......................................... 

3.7 Experimental results using a 5-layer pyramid Optical Flow.......................................... 

3.8 Procedure for motion detection using background subtraction and optical flow........... 

3.9 Experimental results using the background subtraction method combined with the 

Pyramid Optical Flow method....................................................................................... 

3.10 Example using mean-shift for object tracking: (a) Input image with objects area 

surrounded by a red box.  (b) Probability map of the current frame based on the 

object histogram. (c) Probability map of the next frame based on the object 

histogram. (d) Tracking result........................................................................................ 

3.11 Experiment using CAMSHIFT. (a) The initial position of the object given by manual 

34 

36 

37 

 

38 

 

39 

 

 

40 

 

42 

 

 

43 

 

44 

 

45 

 

 

46 

 

 

 

 

47 

 

 

48 

 

50 

52 

54 

55 

56 

57 

58 

59 

 

60 

 

 

 

62 

 



viii 
 

label and (b) is a tracking result. (c), (e), (g) Back projection probability shows the 

probabilily map of the object position (d), (f), (h) The corresponding tracking 

results.............................................................................................................................. 

3.12 Experiment using CAMSHIFT to track object which has similar color with the 

background. (a) The initial position of the object given by manual label and 

(b,d,e,fg,h) is a tracking result. (c) Back projection probability show the probabilily 

map of the object position and (d) The tracking results................................................. 

3.13 Flow chart of the tracking method using invariant feature............................................ 

3.14 Procedure to reject outliers for the tracking method using invariant features................ 

3.15 Experimental results using SIFT detector and SIFT descriptor to track objects.       

(a) Initial position of the object (b) to (f) Tracking results............................................ 

3.16 Experimental result using ORB detector and ORB descriptor to track objects.         

(a) Initial position of the object (b) to (f) Tracking results............................................ 

3.17 Experimental result using SURF detector and BRISK descriptor to track objects.    

(a) Initial position of the object (b) to (f) Tracking results............................................ 

3.18 Experimental result using SURF detector and SURF descriptor to track objects.     

(a) Initial position of the object (b) to (f) Tracking results............................................ 

3.19 Experimental result using SURF detector and ORB descriptor to track objects.       

(a) Initial position of the object (b) to (f) Tracking results............................................ 

3.20 The frame work to combine feature tracking and color tracking using Kalman 

filter................................................................................................................................ 

3.21 Experiment using Kalman filter to track an object which has a large size and a 

similar color with the background.................................................................................. 

3.22 Experiment using Kalman filter to track an object which has a small size and a 

similar color with background........................................................................................ 

  

4.1 Pattern recognition framework and an example of classifying fish types...................... 

4.2 Different types of boundary decisions: (a) Linear (b) Nonlinear................................... 

4.3 Flow chart of training and recognizing scene using CENTRIST algorithm.................. 

4.4 Illustration of support vector machine in 2D feature space............................................ 

4.5 Examples of Centrist images: From the left to right is the original image from 

dataset, upper Census Transform image and lower Census Transform image.          

(a) Coast. (b) Forest. (c) Inside City. (d) Mountain. (e) Open Country. (f) Street.     

(g) Tall building.............................................................................................................. 

 

5.1 Example of discriminated parts based model. (a) An image of a person. (b) A root 

filter that covers the entire person. (c) Part filters cover body parts of the 

person............................................................................................................................. 

5.2 The matching process for one component of the mixture discriminated parts based 

models............................................................................................................................ 

5.3 Flow chart of the horizon detecting algorithm............................................................... 

5.4 Illustration of the horizon detection algorithm. (a) The original image (b) The blur 

image after being filtered by a large kernel (c) The masked edge image....................... 

5.5 Experimental results using the horizon detection algorithm.......................................... 

5.6 Experimental result of detecting objects from consecutive video frames...................... 

 

 

64 

 

 

 

66 

67 

68 

 

69 

 

70 

 

71 

 

72 

 

73 

 

76 

 

78 

 

79 

 

80 

81 

82 

83 

 

 

 

88 

 

 

 

90 

 

91 

92 

 

93 

94 

96 

 



ix 
 

List of Tables 

 
2.1 Comparison of CenSurE, SIFT, and SURF detector......................................................... 

2.2 Evaluate the BOW‘s performance by using different methods to extract keypoint.......... 

2.3 Normalization methods to compute HOG descriptor........................................................ 

 

3.1 Average processing time of different combination between different methods................ 

 

4.1 Evaluation of scene recognition using CENTRIST algorithm.......................................... 

23 

36 

44 

 

74 

 

88 

 

 

 



1 
 

Chapter I   

 

Introduction 

 

 

1.1. Motivation and overview 
 

This thesis is an investigation into object detection and recognition, motion segmentation, object 

tracking, scene recognition, and how they can be applied to develop a visual perception system 

for autonomous robots. In recent years, autonomous robots have shifted from industry to 

unconstrained human environments.  Unlike their industrial counterparts, the new generation of 

robots cannot rely on specific knowledge of a highly structured environment but must operate in 

unknown environments.  This requires the robots to be able to understand their surroundings. 

Vision is clearly an intelligent choice for perception of such a dynamic environment.   

 

Vision systems are often based on the combination of several sensors, which can be classified as:  

active sensors or passive sensors. Active sensors include ultrasonic sensors,  LIDAR, RADAR, 

etc. They share the principle operation of sending a signal out and then receiving the reflected 

signal to measure the distance to objects. These sensors require a emitting signal to perceive the 

scenes and have some major drawbacks such as range limitations, air purity, surface material 

dependence, and generally high cost. Furthermore, active sensors sometimes cannot be used due 

to security reasons or interference. The second approach is to use cameras which passively 

capture the environment image. Compared to these other sensors, vision does not have the 

drawbacks mentioned above and provides plentiful information to understand the environment. 

Furthermore, computing technology nowadays can offer extremely powerful computing blocks, 

such as Field Programmable Gate Array (FPGA) or General Purpose Graphical Processing Unit 

(GPU), which assist processing digital images almost at real time. In fact, current camera 

technology can capture both 2D and 3D images and movies. The computer vision system based 

on cameras is therefore deserved to be invested by many researchers during several past decades 

to solve the remaining problem: “From a digital image which is stored as a series of numbers, 

how to interpret the image content? For example, does a human present on the scene?” 
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While humans can perceive the complex, dynamic world almost instantly and very accurately, 

building a system that can extract useful data from digital images, such as object recognition, 

motion tracking or calibration of the 3D geometry of objects, still remain unsolved and 

challenging. In fact, while many efforts have been undertaken to solve general tasks for object 

recognition and tracking, they have only succeed in a few specific cases.  The challenge is due to 

many inevitable reasons, for example, changing point view, light condition or scene vibration 

that lead to noisy results and errors. Another factor is that no matter how well a system was 

trained, it always encounters an inconsistency in appearance between varieties of real objects 

with the training model; for instance, the same person can wear different clothes and have 

different gestures. This is analogous for scene recognition, for example the city scenes change 

continuously during a day and are different between cities. Therefore, the requirements are that 

the system can operate adaptively with changing backgrounds and viewpoints. Furthermore, it 

can recognize general classes of articulated objects and scene by extracting their invariant 

features and shapes.   

 

Finally, computer vision has thrived rapidly in recently years and several works have promoted 

promising results in a broad range of separate areas, including stereo vision, image segmentation, 

object tracking, object detection and object classification techniques. It is desired to put them 

together into a complete system that serves our final purpose: understanding the scene to locate 

an available path for mobile robot. The applications cover many aspects of life, such as 

surveillance, autonomous navigation, blind driver assistance, medical diagnosis, and human - 

machine interaction.  

 

 

1.2. Aims and objectives 

The goal of the present work is to develop a visual perception system for mobile robots by 

incorporating new successful object recognition and tracking methods as follows: 

1. Applying motion segmentation when the robot is stationary.  

2. The expected system is able to identify the global surrounding scene and then detect and 

recognize common objects typically appearing in this type of scene.  

3. The system tracks these objects and predicts their positions in the scene if they are 

temporarily occluded.  

 

1.3. Outline of thesis 

The thesis will address four fundamental tasks for the visual perception system, which are 

moving detection, object tracking, scene recognition and object recognition. The thesis is 

organized as follows: 
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 Chapter 2 reviews some most successful techniques for motion detection, object tracking, 

scene recognition, and object detection and recognition.  

 Chapter 3 focuses on the task motion detection and object tracking. For motion detection, 

two algorithms, the background subtraction using mixture of Gaussian models and the 

optical flow method, are combined to highlight any moving object and its direction as 

well as any new entering objects which stays still. For motion tracking, two algorithms, 

which are CAMSHIFT and invariant feature tracking, are fused by using the Kalman 

Filter to increase the tracking robustness. 

 Chapter 4 implements the CENTRIST algorithm to recognize outdoor scenes. The system 

is tested for the common scenes: Coast, forest, city, mountain, open country, street and 

tall building. The software also allows users to import training data to train the new 

classifiers for recognizing new scenes.  

 Chapter 5 implements the deformable part-based model to detect and recognize objects. 

The system can identify humans, cars, trucks and bicycles. Moreover, because the 

horizon is very important for many navigation tasks, we also implemented an algorithm 

to detect the horizon. In order to reduce the object detecting time and avoid false 

detection due to the shape of cloud, we first identify the horizon and then search for any 

interested objects in the area under horizon only.  

 Chapter 6 presents the summary of the thesis and suggestions for future work.  
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Chapter II   

 

Literature Review 

 

 

2.1   Introduction 
 

This chapter will discuss the representative works within the field of object tracking, scene 

recognition and object recognition, and will be structured as follows: 

 Sections 2.2 will overview motion detection techniques, such as background subtraction and 

optical flow. 

 Section 2.3 will present tracking methods using mean shift and invariant features tracking. 

 Section 2.3 will discuss common techniques for scene recognition, such as Bag of Word 

algorithm and its improvements 

 Section 2.4 will discuss object recognition methods such as Histogram of Gradient (HOG) 

filter, Haar detection and the part-based model method. 

 

2.2   Foreground segmentation and motion detection 

Foreground segmentation is the process of separating a scene into two parts: Background and 

foreground. Background includes any objects that belong to the static environment, such as 

roads, buildings, trees, traffic signs, etc. Although the background is expected to be fixed, its 

appearance can be changed gradually over time due to lighting conditions, or for example tree 

swaying caused by wind. Foreground includes any objects that are moving or are expected to 

move, such as vehicles, humans and animals. Sometimes, the moving objects can be idle for a 

while, such as a parked car.  

There are two main strategies to segment foreground objects: 

 Background subtraction/modeling: the incoming frames will be compared with the 

background model. Any differences between the model and the new frame that are larger 

than a threshold value will identify the foreground objects. 
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 Optical flow: Using an assumption that the appearance of the object will not change 

between two consecutive images, the motion of each pair of pixels will be computed to 

indicate the foreground 

 

2.2.1 Background subtraction and background modeling 

 

Background subtraction uses only a single frame of background as the model. An image 

subtraction between the input frame and the model followed by thresholding is implemented to 

determine foreground pixels: 

 

            |                  |                                          

 

where Iforeground is the foreground objects image, Iinput is the input image, Ibackground is the 

background image, and T is the difference threshold. This simple model only works in the ideal 

case, where the background is fixed and is not affected by lighting changes or vibration. In 

practice, the subtraction image is really noisy as shown in Figure 2.1.  

 

   
(a) (b) (c) 

 

Figure 2.1 Example of simple background subtraction (a) First frame. (b) Second frame. (c) The 

absolute subtraction. The absolute subtraction image between two consecutive frames is noisy. 

 

Manoj [1] improves the reliability of the algorithm by using cross correlation between two 

images to identify any noticeable changes. The images are first partitioned into four quarters, and 

the correlation between each pair of quarters is performed:  

 

  
∑ ∑       ̅         ̅ 

√ ∑ ∑       ̅   
 
  ∑ ∑       ̅   

 
 

                                             

 

where     and     are the pixel intensities in each quarter and  ̅  ̅ are the mean intensity of each 

quarter in two images respectively. If the correlation ratio r of a pair of quarters is lower than the 

defined threshold value, there is a significant difference in this quarter and the absolute 

difference will be computed to highlight the moving objects. This method can improve not only 
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the computation cost but also the stability of the algorithm. Several image processing techniques 

can be applied to further remove the noise, such as Otsu threshold or morphology filter and 

component connected analysis. An example result is illustrated in Figure 2.2 

 

 
(a)  

 
(b)  

 
(c)  

 
(d)  

 
(e)  

 
(f)  

 

Figure 2.2 Illustration of background subtraction using cross correlation: (a) Previous frame (b) 

Current frame (c) Absolute difference of quadrant 4
th

 , which has the correlation ratio r less than 

threshold (d) Otsu threshold image (e) Morphology and component connected analysis (f) 

tracked object marked by red rectangle. 

 

Selecting color model is also important to reduce the effect of lighting changes. Color spaces 

such as YCbCr and HSV separate color from intensity and makes the algorithm more robust to 

changing intensity (i.e lighting changes due to the time of day) or simpler to detect shadows or to 

model the color for tracking. Because the background subtraction method is simple, its 

application is limited to the indoor environment, where the background appearance is assumed to 

be consistent overtime. For outdoor environments, a single model is not sufficient to cope with 

variations in lighting of the background. Recently, multi-modal approaches [2, 3] have been 

applied to solve the practical problems such as time varying backgrounds or lighting variations. 

The multi-modal solution stores numerous models of the background for each pixel, under the 

probabilistic model 

 

 (     )   ∑    (      ) 

     

                                        

 

where   denotes the background,     is the incoming pixel at location (x,y),    is the model i,    

is the weighted coefficient for model   , and N is the number of stored models in the 
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background. Different models Mi are assumed to represent different colors at the same 

coordinate over time. Incoming images are compared to each individual model by the function 

         , and weighted with   . If the final probability  (     ) is higher than a threshold 

value, the pixel     is considered as background pixel; otherwise it is foreground pixel. The 

algorithms evolve overtime, removing old models that have low weights and incorporating new 

models and assigning new weight coefficients, so that it can depict the scene changes.  

  

Stauffer and Grimson [2] proposed a multi-modal method using a Mixture of  Gaussians (MOGs) 

to present the probability that a pixel belongs to the background. A match of a new coming pixel 

with a Gaussian model is defined by the probability that the pixel intensity value is within 2.5 

standard deviations. Every incoming pixel is evaluated with N Gaussian distributions, until a 

match is found. 

 

 (      )    (   |   
     

 )  
 

    
 
 |   

 |
 
 

  
 
 
(       

 )
 
   
   

(       
 )               

 

where     is the new pixel,   (   |   
     

 ) is the i
th

 Gaussian model with vector mean    
  and 

covariance matrix    
  at coordinate (x,y). The best matched model component will be updated 

and the weight of this component is increased. Otherwise, if no match is found, a new Gaussian 

component will be added with the mean of new incoming pixel and a larger covariance and a low 

weighted coefficient. If light fluctuation or tree swaying happens in the static scene, the MOGs 

model will adopt new models to track these changes gradually. If a static object was added to the 

scene, it will be considered as foreground object until it stays there longer than the previous 

object. The update rate is governed by two parameters: the learning constant and the proportion 

of the data considered to be the background. Because the MOGs method is stable, can achieve 

real time performance, and can reliably cope with lighting changes and vibration from cluster 

and long-term scene changes, it has become popular and inspired various improvements since.  

KaewTraKulPong and R. Bowden[3] enhanced the performance of the MOGs proposed by 

Stauffer and Grimson [2] by applying different equations to approximate the MOG. This allows 

a good estimation at the beginning before all N samples can be collected as in method proposed 

in [2]. As the result, the algorithm promotes a faster convergence to the stable background 

model. It also adopted the computational color model using RGB proposed by Horprasert et al[4] 

to detect the shadow, and avoid introducing any extra computational cost due to converting to an 

ther color space which can separate chromatic and illumination components, such as YCrCb or  

HSV.  The shadow detection also reduced the false detection due to small repetitive motions in 

the background scene. 

 

Hayman and Eklundh [5] extend MOGs application to the moving camera situation, which can 

applied for mobile robots. The author claimed that the algorithm can handle motion blur, 
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geometric calibration errors, and mixed pixels at motion boundaries for the case of a panning and 

tilting camera. 

 

Javed [6] proposed an approach incorporating gradient information and color information to cope 

with quick illumination changes. Quick illumination changes, such as the sun moving behind a 

cloud or a light turned on/off, distort the color characteristics of the background, causing a 

noticeable difference with the previous background model. Using only the color information can 

lead to many false detections. In contrast, the gradient is relatively consistent during illumination 

changes; this gives an effective cue to remove false detections from color subtraction. At the 

pixel level, the MOGs model of gradients and color is performed separately to highlight potential 

foreground pixels. At region level, a foreground pixel detected by the color based method is 

connected into regions. Gradient based subtraction is used to reject false detection from these 

regions. Finally, global illumination changes are detected at frame level. The author reports that 

the method can cope with some practical problems such as repositioning of static background 

objects and initialization of the background model with moving objects in the scene. The number 

of components modeled in multi-modal background approaches is important because it 

determines the accuracy and the computational efficiency of the algorithm. Zivkovic [7, 8] 

introduced a recursive method which not only updates the parameters of Gaussian models, but 

also simultaneously  updates the number of components for each pixel. A comparison with the 

method proposed by Stauffer and Grimson [2] in Zivkovic papers [7, 8] shows that their new 

method can process significantly faster and the segmentation result is slightly better than the old 

one. 

  

2.2.2 Optical flow 

 

Optical flow is the apparent motion of brightness patterns, which are the projection of physical 

objects from the scene into subsequent images. Estimating optical flow can give important cues 

about the spatial displacement of an object and the velocity.  In order to determine the motion of 

each pixel in a scene between two consecutive frames, two typical assumptions are made: 

 The appearance of the region across two frames does not change during their acquisition 

period, for example due to lighting or color variation. 

 Spatial displacement is continuous. The pixel present in the previous frame still appears 

in the current frame. 

 

                                                                          

 

where          is the brightness of the pattern at coordinate       in the image captured at time t 

and                     is this pattern after a displacement                 at 

time          An example of optical flow is shown in Figure 2.3 
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(a)  (b)  

 
 

(c)  (d)  
 

Figure 2.3. Illustration of optical flow method (a) The first frame. (b) The second frame. (c) 

Optical flow image: each arrow points the direction and magnitude of the optical flow at each 

pixel. (d) Threshold the magnitude of optical flow and applying some morphology filters to 

segment motion.  

 

The common algorithms vary on the three main criteria: 

 Selecting suitable error metric selected to compare the images. This generally involves 

selecting a function to minimize the accumulated differences in the color or intensity 

between corresponding pixels over the images. The simplest way is to compute the sum 

of squared differences (SSD) over a neighbor area (ex. Lucas and Kanade at al.[9]):  

 

          ∑(                                  )
 

 

 ∑  
 

 

             

More generally, we can replace the SSD by a robust function       to make it more 

robust to the outlines. 

          ∑ (                                  )

 

 ∑     
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The robust norm        is a function that grows slower than the quadratic penalty 

associated with least squares, [10]for example L1 norm:  

 

          ∑|                                  |

 

                

 Selecting additional constraints to solve the set of equations because the number of 

variables is twice as the number of the equations. Two main approaches are to compute 

the summation locally over the neighbor region (the patch-based approach) or to add the 

smoothness constraints using regulation or Markov random field [10].  

 Method to search for the optimal solution. 

 

The basic algorithm in patch-based approach proposed by pioneers Lucas and Kanade [9] uses 

Taylor expansion to obtain sub-pixel estimation of the displacements.  

                                   
  

  
   

  

  
   

  

  
             

The individual error at each pixel is formulated as: 

                                      
  

  
   

  

  
   

  

  
 

 

     (
  

  

  

  
 

  

  

  

  
 

  

  
)                                         

 

where (         is the spatial derivatives in the x and y directions respectively and    is simply the 

difference between two consecutive frames and is called temporal derivative. If the assumption 

of constant luminance holds, the brightness constraint gives us: 

 

       (           )                                              

 

The error function (2.6) can be rewritten as: 

 

          ∑  
 

 

  ∑(           )
 

 

                                    

 

To minimize the function (2.12), the brightness constant constraint is explored with the 

additional assumption that the velocity in a small local area is also constant: 
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where {  } are pixels in the small window centered at the current estimated pixel. Since this 

linear system has more equations than unknown variables      , the least squares is applied to 

give the solution: 

[
 
 
 
            

             

 
            ]

 
 
 

[
 
 
]  [

       

       
 

       

]                                      

The solution given from the least square method is: 

                                                                                

 

In practice, it is often desired to give more weight to the pixels that are closer to the central pixel. 
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To speed up the basic algorithm, several implementations search the optimal solution in scale 

space using image pyramids, such as Anandan [11], Bergen, Anandan, Hannaet al.[12], Bouguet 

[13]. The displacement searching begins at the coarsest level or the top level, where the image is 

down sampled so that the image size is several times smaller than the original one. This is 

usually done using full search over some range of large displacement. Once the optimal solution 

is achieved at the coarse level, it is used to initialize a small local search at the next lower or 

finer level. While this approach cannot guarantee that the result is the same as the full search 

approach, it works almost as well as but is much faster[10].   

 

The method proposed by Lucas and Kanade[9] cannot yield the reliable result in flat regions 

where the image gradients do not present. In some regions, the eigenvalues of matrix       are 

small or       is invertible, such that the full optic flow field cannot be determined. In order to 

achieve dense flow, Horn and Schunck [14] developed a regularization function that used the 

smoothness constraint to penalize rapid changes in optic flow. The optical flow (u,v) minimizes 

the global energy function: 

 

         ∬ (          )
 
   |  |  |  |      
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where (|  | |  |  are the magnitude of optic flow gradients respectively and     is the 

regularization parameter: larger values for   increase the penalty to the large flow changes and 

leads to smoother flow fields. This convex function can be minimized by solving its 

corresponding Euler-Lagrange equations. The final result is given by iterative equations: 

 

          
(   

     
    )

          
 

          
(   

     
    )

          
                                                  

This leads to dense flow fields and does not requires further interpolations.  However, some 

observations, such as Barron, Fleet, Beauchemin [15] , Galvin, B. Mccane [16], indicate that the 

result may be more sensitive to noise than local differential methods. 

The mentioned approaches perform well when the assumption of constant luminance and spatial 

continuity are satisfied, and when the texture presenting in the scene is rich. However, these 

assumptions in outdoor environments are usually violated. Estimation frameworks using robust 

functions to cope with this problem are proposed by Black and Anandan [17, 18] and Black and 

Rangarajan [18]. They designed a robust norm        function that increases slower than the 

quadratic SSD at value larger than unity; usually it is desired to be smooth, quadratic as near 

origin but grows gently at larger value. Black and Rangarajan [18] introduced Geman-McClure 

function: 

     ∑     

 

 ∑
  

 

  
  

 

   

                                                     

However, the method requires a heavy computation cost and it is hard to achieve real time 

performance. L1 norm is another popular choice for robust metrics and the final result is a convex 

energy function that can be minimized. 

 

Bruhn, Weickert, and Schnorr [19] combined the local and global flow estimation into a single 

framework so that the algorithm achieves the robustness of local methods with the dense flow 

inherited from global approaches. In order to make it more robust against outliers, they also 

implement a robust function to the cost function: 

 

         ∫     
               |   |                              

 

where            ,      (        )
 
,                   

  , |   |   |  |  |  |  

and       are two robust functions: 
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 √  
  

  
                                                         

  

where    are scaling parameters. Their experiment also shows that they can achieve reliable 

estimation of optic flow even in flat regions.  

Because optical flow is more prone to noise than background subtraction, it can be used to refine 

the results from background subtraction and give addition information about the directions of 

motion. Several good surveys and comparisons of optical flow algorithms includes Barron, Fleet, 

Beauchemin [15] (1994), Galvin, B. Mccane [16] (1998), McCane, Novins, Cran-nitchet al.[20] 

(2001), Weickert, Bruhn, Brox, Papenberg [21](2006),  Baker, Black, Lewiset al. [22](2007) and 

Baker, Scharstein, Lewis al.[23](2011).  

 

2.3   Object tracking 

 
The object tracking approaches can be classified into two ways: 

 Detect the objects in a frame and extract their features to model the objects, then follow 

the objects using their models 

 Continuously detect objects in new frames, and match them with the list from the 

previous frame. 

These systems often require an initial input, such as initial location of the objects or its model, 

which is often the output from motion detection (section 2.2) or object detection (section 2.4) 

process. In order to perform the tracking, some form of features needs to be extracted to model 

the objects. The features used to track object are really diverse, such as geometric features, 

gradient, optical flow, color, texture, wavelet, template, depth, phase in frequency domains. 

Selecting features partially depends on the configurations and requirements of the system, such 

as single camera, stereo vision or multiple cameras, and the type of input data, such as gray level, 

color or disparity images. Additionally, different features can be used different times or 

combined together to increase the robustness. In this section, we address two main approaches 

using color and invariant features. 

2.3.1. Kernel tracking using color 

Tracking algorithms generally compose two main parts: modeling the objects by their distinct 

features and a search method to match potential objects with given model. 

Tracking using color feature approaches commonly model the object in form of color histogram. 

A color histogram can be represented as a high dimension vector and it is easy to compute and to 

evaluate the similarity between two histograms. Furthermore, color histogram is relatively 
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consistent under changing in orientation, translation and motion, and is reliable to track again 

after occlusion. The normalized color histogram is formally defined as 

    |     ∑  ( (   
)    )

    

                                                 

where      |     is the probability that a color ui appears in the object,   is the area of the 

object    , n is the number of histogram bins,  the function     (   
) maps an intensity    to 

its color bin    in the quantized feature space,       is a Dirac function which is equal 1 at origin 

and 0 otherwise. 

The color histogram has been used widely for the task tracking and recognition. Lu and Tan [24] 

first used background subtraction to detect people and localize them into isolated foreground 

regions, and then use color histogram to recognize each of the tracked people after occlusions. 

To improve the accuracy and computation cost of the histogram, Ng and Ranganath [25] 

proposed using a histogram with variable bin widths. His experiment shows that its performance 

is better than uniform histogram and is comparable to a 5-component Mixture of Gaussian model 

but significantly faster. 

In order to emphasize colors near the center of the object and reduce outliers at the boundary, the 

weights coefficient can be assigned to the histogram: 

    |      ∑   |    |    ( (   
)    )

    

                                     

where  (||  ||
 
) is a kernel function assigning higher weight to    near the object center C. The 

main limitation of histogram is that it ignores the spatial information.  

Because two objects with the same histogram may be very different, the color correlogram 

proposed by Rao [26] incorporates geometric information into color histogram according to a 

predefined geometric configuration. However, it requires relatively intensive computation that 

restricts real time processing.  Zhao and Tao [27, 28] used a simplified color correlogram which 

only considers a pair of pixels lying along 2 orthogonal axes called major axes and auxiliary axes 

with fixed distance d1, d2 in each direction. 

      (               |              )                                 

where               is a function to get the distance and direction of a pixel pair        . 

This simplified color correlation preserves the simplicity of histogram for real time tracking, but 

also can indicate the orientation of the objects and provide more distinctive feature for model. 
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A single color histogram is often insufficient to model complex objects, such as they have 

different appearances at different orientations or to deal with light changes. Exner and Bruns [29] 

proposed a method that utilize an arbitrary number of histograms to model different appearances 

of the target. Each histogram is normalized into scale [   ] and all these reference histograms are 

summed and rescaled into an accumulated histogram. This accumulative histogram is used to 

provide probability back projection in the CAMShift algorithm [30] and each reference 

histogram is used for object identification.  After successful tracking, a histogram of the searched 

region is computed and compared with each individual reference histogram via histogram 

intersection. If the max distance between these histograms is less than a threshold, the tracking 

result is rejected and marked as lost so that object detection is required to reinitialize the object 

location.  

After establishing the object model, searching technique is required to find the mode of unknown 

probability density function (PDF). Mean-shift, first introduced by Fukunaga [31] and proposed 

by Commaniciu [32, 33] for segmentation and tracking, is an effective algorithm that has become 

popular in the last decade. Given a data distribution drawn from an unknown PDF such as in 

Figure 2.4, we need to find the locations that give the highest probability.  

 
 

 

Figure 2.4 Illustration of estimating density function from discrete data 

  

One approach is that we first estimate the density function and then find its peak. To estimate the 

PDF given a sparse set of samples, one simplest method is Parzen window technique which 

smooths data by convolution with a fixed kernel K of width h. 

      ∑       

 

  ∑ (
‖    ‖

 

   
)
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where K is any isotropic, convex, monotonic decreasing kernel function, such as Gaussian, 

Epanechnikov function. Once we have the function, we can find its local maxima using gradient 

ascent or other optimization technique [10]. However, such computation in high dimension space 

is quite proscriptive when searching over a feature space. In contrast, mean-shift uses an iterative 

process to climb uphill to the peak along the gradient direction.  

       ∑      ( 
  

  
      )  ∑             

 

 

 

                

where G is the first derivative of the kernel function K.  

               (∑       
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∑            
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where the vector 

     
∑            

∑         
                                                    

is called mean-shift, since it is the difference between the weighted mean of total data    and the 

current value of  ,  and it points the direction of gradient. The mean-shift searching procedure 

begins with an initial guess and repeatedly climbs uphill by adding the mean-shift vector 

              
∑             

∑          
                                        

Given a color histogram of the object      and its initial location represented by a window W 

centered at   , Commaniciu [33, 34]proposed an algorithm using the mean-shift to track the 

object. In a new frame, a target color histogram      will be computed at the initial location   . 

The similarity between the target and the model color histogram is measured by the 

Bhattacharyya coefficient: 

 [        ]   ∑ √         

 

   

                                                     

If          the object location is found at   ; otherwise the new location is iteratively updated 

by: 

   
∑      (‖
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where    is the coefficient that give high weight to pixel location    whose intensity is more 

similar to the model.  

    √
  

      
                                                              

However, the traditional mean-shift tracking has some drawbacks related to scale, and 

orientation, and the shape of the kernel. In particular, the original method cannot track an object 

if its size changes dramatically. To overcome this problem, Collins [35] proposed a method that 

implemented a difference of  Gaussian (DoG) mean-shift kernels to track through spatial and 

scale space. The idea is to create a scale space by convolving a series of spatial DOF filters at 

different bandwidths with a sample weight image, and then convolving the results with a smooth 

kernel in the scale dimension. However, instead of performing these expensive convolutions, the 

author utilized a two-stage mean-shift that interleaves seeking in spatial and scale space to track 

the local mode. Although the paper shows some promising tracking result, generating scale space 

and applying two mean-shift is quite computationally expensive. Georgescu [36] proposed a 

combination between kernel tracking with color histogram and optical flow to estimate object 

scale and orientation during tracking. Alternatively, Bradski [30] modified the mean-shift to deal 

with dynamically changing probability distribution, so that it can adapt to scale change and track 

the orientation, which is call Continuously Adaptive Mean-shift (CAMShift).  

Furthermore, various researches have raised a concern about the symmetric shape of the kernel 

in traditional mean-shift, which is often incapable of capturing the boundary of object and 

therefore contains information of the background [37]. To address the problem, Yilmaz [38] 

proposed used asymmetric kernel to estimate the density function, along with a frame work to 

compute the orientation and scale. The kernel function uses the Poisson distribution to achieve a 

smooth and differentiable surface for a gradient descent method: 

      ∮       (      )  
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where   is the arc length and its coordinate is                .        is the distance 

function from x to the point in contour s.        is the shortest distance that can be traveled 

from point x to the contour. The density function is then estimated using the convention Parzen 

window method: 

     
 

   
∑  (

    

 
) 

 

 
                                                             

and then a mean-shift vector is formulated by using the same gradient descent procedure. The 

paper showed some good tracking results comparing with traditional method as in Figure 2.5. 
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However, the asymmetric kernel may not perform well if the initial contour does not describe 

good shape of the model, as seen in figure 2.5 (c), the shape does not match well if object shape 

is not consistent. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 

Figure 2.5 Illustration of asymmetric kernel tracking: (a) and (c) Tracking results using 

asymmetric kernel. (b) and (d) tracking results using traditional mean-shift. Reprinted from 

Yilmaz, A., "Kernel-based object tracking using asymmetric kernels with adaptive scale and 

orientation selection." Mach. Vision Appl. 22(2): 255-268, 2011. ©2011 Springer 

 

Another problem of color tracking is that when the object crosses another object or background 

which has the similar color with the object, the tracking easily gets lost.  Kamberov [39] 

proposed using an adaptive background model combined with camshift method to cope with the 

problem. The background model can be continuously relearned and help the algorithm reduces 

the confidence of any colors that belong to the object that also present in the background.  A 

good summary and comparisons between recent tracking methods is investigated by Yilmaz 

[40]. 

2.3.2. Invariant features tracking 

As mentioned earlier, another approach to tracking is to continuously detect objects in new 

frames, and match them with the list of objects from the previous frame. In order to perform 

matching, an object model described by a set of consistent characteristics found in a series of 



19 
 

frames is desired. Tracking methods using invariant features have thrived in the past decade; 

more and more new features are proposed to improve the robustness and speed of these 

algorithms to help achieve real time performance, reduce memory and computation for smart 

phone applications. Though these tracking systems vary, they are generally constituted by 

several main components and largely follow a process depicted in Figure 2.6.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.6 Tracking using invariant feature frame work. 

 

Invariant local features are composed of a keypoint detector and a feature description. They are 

designed to be efficient and a robust representation consistent to scale, rotation, affine transform 

and noise. Since the first popular descriptor proposed by Lowe [41, 42], invariant feature 

approaches have been used to solve many visual tasks, such as image stitching, object 

recognition, motion analysis, 3D image registration and SLAM. There has been substantial 

survey and comparison between the invariant features and their visual tracking system recently, 

such as Tuytelaars [43] (2008), Gil [44] (2010), Gauglitz  [45](2011). This section only 

addresses over the popular keypoints detector methods and feature descriptors. 

2.3.2.1. Keypoint detectors 

a. Harris Corner detector 

The corner detector is one of the first keypoint detector techniques proposed by Harris and 

Stephen[46]. Given an image I, the algorithm first computes the second moment matrix of the 

first derivative images: 

Video source 

Interesting point 

Feature description 

Feature matching 

Outlier removal 

Pose estimation 

Model description 

Update ROI 
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where (       is the first derivative in the x and y directions respectively and    is the spatial 

weighted coefficient emphasizing the center. The two eigenvalues of M, which represent the two 

perpendicular directions of greatest change, are then computed. The corner is characterized by 

two large eigenvalues. To avoid expensive computation of eigenvalues         , the corner is 

detected by thresholding value C(x,y) followed by non-maxima suppression: 

                     [     (      )]
 
                             

b. Shi-Tomasi “Good feature to track” 

Shi and Tomasi [47] used a translation model for tracking: 

                                                                     

where M is defined by equation (2.35), d is the translation and e is the accepted error. A good 

feature is defined as the one that gives a possible solution to (2.37), that is, makes M invertible. 

Therefore, the minimum eigenvalue of M must be larger than a threshold value. 

                              |                                  

c. SUSAN (Smallest Univalue Segment Assimilating Nucleus) 

Smith [48] detected a corner by analyzing a small circular region surrounding each pixel. The 

central point is considered as a corner depending on the number of pixels that lie in the mask 

and have the same intensity or color. 

d. Harris-Laplace 

In order to improve the Harris corner detector to be invariant to scale, Mikolajczyk  [49] 

proposed a method that first computes Harris points in 2D, and then selected the one that 

maximize the Laplacian over the scale space. 

e. SIFT (Scale Invariant Feature Transform) 

Lowe [42] proposed an approach for detecting features that are invariant to scale, rotation and 

translation and are least effected by noise and distortion.  The SIFT detector extracts keypoints 

with four parameters:  the keypoint center coordinates x and y, its scale, and its orientation. The 

algorithm first constructs a pyramid of images by convoluting the images with different Gaussian 

filters at different scales:  

        (     )     (      )      (    )                          
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A keypoint stable against change in scale is the maxima and minima in its spatial and scale 

neighbors. To determine the exact location of keypoints at sub-pixel level, Brown and Lowe [50] 

fit a quadratic function to the sample point and its immediate neighbors then found its extreme 

by setting the function derivative to zero.  Any extremum with low contrast will be rejected. The 

next step is to compute the eigenvalues of the Hessian matrix computed at location and scale 

refined above  

  [
      

      
]                                                                   

Any points that lie on the edge will be eliminated by thresholding the ratio of principal 

curvatures  

   
         

      
                                                                           

To make the keypoint consistent to orientation, a histogram of gradient orientation is constructed 

from the local patch. The dominant orientation and any local peak in the histogram within 80% 

of the highest peak are used to assign orientation for the keypoint. SIFT has been a standard 

feature detector since it is first proposed and has motivated many feature detectors later. 

Recently, it is replaced by several faster detectors with the competitive accuracy and 

repeatability. 

f. SURF (Speeded Up Robust Features)  

Speeded Up Robust Features (SURF), proposed by Bay [51],[52, 53] was developed based on 

SIFT. Let the scale space of an image be the convolution of the image with different Gaussian 

filters: 

                                                                                

The Hessian matrix           in       at scale    is defined as follows: 

           [
                      

                      
]                                       

In order to reduce the computational, the Gaussian second order derivative is approximated by 

convoluting with filter composed of several the box filters as shown in Figure 2.7. The 

computation is also accelerated by using integral images, as proposed by Viola et al. [54] 

The Hessian’s determinant is approximated as: 

              (      )
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where Dxx, Dyy and Dxy  are the approximated Laplacian of Gaussian by convoluting images with 

box filters.  Any point that has                 will be rejected. Non maximum suppression is 

performed with       spatial and scale neighbors and sub-pixel location refinement is 

applied similar as for SIFT. The author provided some experiments demonstrating that the 

standard version of SURF is several times faster than SIFT and more robust against different 

image transformations than SIFT.  

     
(a) (b) (c) (d) (e) 

 

Figure 2.7 Illustration of SURF detector:  (a) and (b) The discretized Gaussian second order 

partial derivatives in y-direction      and xy-direction    . (c),(d),(e) Gaussain second 

derivatives are approximated by box filters in x, y, xy directions respectively.  The grey regions 

are equal to zero. Reprinted from H. Bay, "Computer Vision – ECCV 2006 SURF: Speeded Up Robust 

Features," Computer vision--ECCV 2006 : 9th European Conference on Computer Vision, Graz, Austria, 

May 7-13, 2006 : proceedings, vol. 3951, pp. 404-417, 2006. ©2006 Springer 

 

g. FAST ( Features from Accelerated Segment Test) 

FAST, proposed by Rosten and Drummond [55, 56], is based on the SUSAN corner detector. 

FAST algorithm simply defines a corner as a center point which has intensity that differs with 

that of at least seventy five percent of the number of connected pixels on its surrounding circle. 

The pixel comparision is combined with a threshold value t: 

        {  

                                                           

                                           

                                                       
                         

Moreover, the process can be accelerated by first testing four points separated by 90
o
 on the 

circle (for example, top, bottom, right, and left points). In order to satisfy the condition stated 

above, at least three of these points must be all brighter or darker than the central pixel. If the 

pretest is satisfied, the further checking will be performed. Otherwise, the point can immediately 

be rejected. In fact, most of the image points will be rejected by this simple 4-comparison test.  

Although the radius of the circle can be a variable parameter, in practice, a radius of 3 pixels 

gives both good results and high efficiency so that only 16 pixels on the circumference of the 

circle will be considered. A non-maxima suppression step is then performed to filter out any 

weak points. The strength of a corner is given by the sum of absolute difference between the 

central pixel and the pixels on the identified contiguous arc. 
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where    is the subset of the pixels on the arc that are brighter and   contains the darker one. 

h. CenSurE (Center-Surround Extrema) 

CenSurE, proposed by Agrawal [57], is developed to improve the speed and accuracy of SIFT 

and SURF. They differ chiefly in the approach to approximate the Gaussian second order 

derivative and the way to reject unstable points as summary in Table 2.1 

Table 2.1 Comparison of CenSurE, SIFT, and SURF detector. 

 

 CenSurE SIFT SURF 

Spatial resolution at 

scale 

full subsampled subsampled 

Scale-space operator 

Approximation 

Laplace 

approximated by 

Center-surround 

Laplace  approximated 

by Difference of 

Gaussian (DOG) 

Hessian approximated 

by Difference of 

Boxes (DOB) 

Edge filter Harris Hessian Hessian 

Rotational Invariance Approximation yes no 

 

While SIFT approximates the Laplacian with the difference of Gaussians, CenSurE implements 

an even simpler approximations by applying bi-level kernels as center-surround filters. These bi-

level kernel filters have values either 1 or −1 and can be one of the shapes shown in Figure 2.8.  

 
 

 
 

(a) Circles (b) Octagons (c) Hexagon (d) Boxes 

 

Figure 2.8 Illustration of Center-Surround bi-level filters. (a) circular symmetric filter 

approximating the Laplace of Gaussian filter. (b)(c)(d) Approximation of circular filters 

(octagon, hexagon, box) are less symmetric but much faster and easier to implement.  

 

The Laplacian is approximated by convolution kernels using an integral image. To facilitate 

computing integral images for the octagon and hexagon cases, Agrawal [57] proposed to 

decompose them into a few trapezoids and the value stored in each pixel in the integral image is 

the sum of intensities in the trapezoids above. At each pixel, seven filter responses are computed 
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at seven different scales. The magnitude of the filter response indicates the feature strength. The 

stronger a feature is, the higher the repeatability it has and vice versa. Therefore, a threshold is 

applied to filter out the weak responses. Non-maxima suppression and edge rejection is 

performed over the        spatial and scale neighbors in a similar fashion as in SIFT and 

SURF. According to the authors, CenSurE filters outperform SIFT and SURF in terms of track 

length and accuracy, while being much faster to compute and competitive in standard tests of 

repeatability for large-viewpoint changes. 

i. ORB ( Oriented FAST and Rotated BRIEF) 

ORB detector developed by Rublee [58] adapts the FAST detector by adding orientation 

information and scale to take advantages of FAST, such as simplicity, low-cost computation,  

and enhanced its stability . First, a scale pyramid is constructed to produce multi-scale FAST 

features in a similar fashion to SIFT, SURF, and CenSurE. In order to evaluate the strength 

feature, a Harris corner measure [46] (i.e equation 2.35 and 2.36) is used to reject edge-points.  

The corner orientation is simply but effectively measured by the intensity centroid of its local 

patch. The intensity centroid is assumed to be shifted from its center, so that the vector 

connecting the point location and its intensity centroid can be used to represent its orientation. 

The centroid location of a patch is computed as: 

   
   

   
     

   

   
                                                            

where moment Mpq is defined as: 

     ∑          

   

                                                          

We can construct vector   ⃗⃗⃗⃗  ⃗ from centroid O to the corner C. The orientation of the patch is 

simply as:            ⃗⃗⃗⃗  ⃗  

j. BRISK (Binary Robust Invariant Scalable keypoints) 

BRISK proposed by Leutenegger [59] adapts the FAST detector to detect salient points in a 

continuous scale space. The BRISK add n intra octaves di between 2 octaves ci and ci+1 to the 

ordinary scale space pyramid, which has n octaves ci, as illustrated in Figure 2.9 (a).  The octaves 

ci and intra-octaves di are obtained by down-sampling the original image with factor 2 and 1.5 

respectively.  Let s denote the scale, then 

                                                                    

Initially, the FAST detector is applied over the pyramid using the same threshold as in equation 

(2.45).  The non-maxima suppression is then applied on the        spatial and scale 
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neighbors. Since the layers are discretized with different resolutions, some interpolation is 

required. The exact location of the keypoint is deduced through 2 interpolation steps: A 2D 

quadratic function in the form of least squares is applied separately in 3 layers: the layer of 

keypoint, the one above and the one below to find its location in sub-pixel level at different 

scales. Next, these refined locations are used to fit a parabola function along scale axis to find the 

exact location in scale space, as illustrated in Figure 2.9(a).  

 

To assign orientation to the keypoint, BRISK first selects N points in a circular pattern centered 

at the keypoint and applies the Gaussian smoothing proportional to the its radius, as illustrated in 

Figure 2.9(b). The local gradient is computed from each pair of points: 

 

 (     )         
 (     )          

‖     ‖
                                            

 

 

 
 

 

 

(a) (b) 

 

Figure 2.9 Illustration of BRISK detector (a) Scale-space interest point detection. (b) The 

BRISK sample pattern with N= 60 points which are represented by blue dot A keypoint location 

is fit to a 2D quadratic interpolation function in spatial domain and 1D parabolic function in 

scale space.  The red circles display the radius of Gaussian smooth function. Reprinted from S. 

Leutenegger et al., "BRISK: Binary Robust invariant scalable keypoints," in Computer Vision (ICCV), 

2011 IEEE International Conference on, 2011, pp. 2548-2555. ©2011 IEEE 
 

The keypoint orientation is pointed by the overall gradient vector of the pattern 

 

  (
  

  
)  

 

 
∑  (     )
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where L is the subset of keypoint pair that have distance between them larger than a threshold 

and l is the number of keypoints paired with  L. 

2.3.2.2. Feature descriptors 

In order to identify and match keypoints across images, we need to build their descriptors. The 

description must be distinctive for each keypoint, but also consistent under all viewpoints. The 

idea that detected keypoints are invariant suggests that their small surrounding patches also have 

some characteristics that are unchangeable to scale, rotation and illumination. Therefore, the task 

of the descriptors is to capture these properties.  

A straightforward approach is the intensity or color histogram of the local patch followed by 

some normalization to make it invariant to illumination changes. However, these simple 

descriptors do not hold the mentioned properties. To satisfy the requirements, more intricate 

descriptors were developed based on gradient (SIFT, PCA-SIFT), wavelet (SURF) or binary 

intensity comparison (BRIEF, ORB, BRISK, FREAK). 

a. SIFT (Scale Invariant Feature Transform) 

SIFT proposed by Lowe[42] has been the most popular descriptor in the past decade. In fact, it 

has been a standard other descriptors were developed to reduce the computational complexity but 

still match while matching its performance.  

To be invariant to rotation, the SIFT descriptor first computes the orientation of the keypoint P 

by finding the peak of gradient orientation histogram. In particular, at each pixel in the patch, 

gradient magnitude and angle are computed. A histogram of orientation weighted by its 

corresponding magnitude and Gaussian window centered at P is then constructed. The angle   

where histogram peaks is selected as the orientation of the keypoint.  

 
 

Figure 2.10 Illustration of SIFT descriptor: 16 sub-region SIFT descriptor with scale information. 

Reprint from  D. A. V. a. B. Fulkerson. (2012). Scale Invariant Feature Transform (SIFT) Available: 

http://www.vlfeat.org/api/sift.html 
 

After that, the patch is divided into several sub-regions. In each sub-region, a new orientation 

histogram with all orientations now relative to   is recomputed in the same manner but with 

http://www.vlfeat.org/api/sift.html


27 
 

coarser bins. Specifically, a region which has size 16 16 is partitioned into 4 4 sub-areas; each 

has a size of 4 4 pixels and has an orientation histogram with 8 bins as shown in Figure 2.10. 

Each bin corresponds to a direction in increments of 45˚. The gradient histogram is finally 

normalized and the SIFT descriptor is the concatenation of 16 8-bin-histograms, so the SIFT 

descriptor is a 128-bins vector. 

 

b. SURF (Speeded Up Robust Features)  

Similar to SIFT, SURF first assigns the orientation to the keypoint P. In particular, the algorithm 

first convolutes the circular region center at P with two Haar wavelet filters, as shown in Figure 

2.11(a). Selecting the size of the region and Haar wavelet filter depends on the scale in which 

keypoint is detected. The filter responses in x and y weighted by a Gaussian window centered at 

the keypoint are combined to create a 2D vector. Then, a rotating angular window 60
o 

wide will 

scan and sum these vectors up.  The longest resulting vector points the orientation for the 

keypoint, as shown in Figure 2.11(b).  

 

 

 

 
 

(a) (b) 

 

 
(c) 

 

Figure 2.11 Illustration of SURF descriptor: (a) Haar wavelet filter in x and y directions 

respectively, the black is +1, the white is -1. (b) Rotating angular window sums element vectors 

up into one vector for each discretized angle. (c) The square region centered at the keypoint and 

oriented along the orientation. The square region is portioned into 4 areas, each area will be 

convoluted with a Haar wavelet filter. Reprinted from H. Bay, "Computer Vision – ECCV 2006 

SURF: Speeded Up Robust Features," Computer vision--ECCV 2006 : 9th European Conference on 

Computer Vision, Graz, Austria, May 7-13, 2006 : proceedings, vol. 3951, pp. 404-417, 2006.©2006 

Springer 
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As for SIFT, the scale and orientation define a local coordinate system for computing the 

descriptor. The next step is to construct a square region centered at the key point and oriented 

along the orientation assigned in the previous step. The region is divided into 4 4 square sub-

regions as shown in Figure 2.11(c). In each region, Haar wavelet responses are computed along 

its local vertical and horizontal direction. Denote    and    as the Haar wavelet responses in the 

horizontal and vertical directions respectively. Each sub-region is then represented by a 4-D 

vector 

 

[∑   ∑   ∑|  |  ∑ |  |]                                                    

 

A SURF descriptor is constructed by concatenating these vectors from all sub-regions, and 

normalized into a unit vector of length         . 

 

c. BRIEF (Binary Robust Independent Elementary Features) 

 

In an attempt to speed up matching and reduce memory usage, a dimensionality reduction 

technique such as Principle Component Analysis (PCA) can be applied to SURF or SIFT [60]. 

Although matching speed is improved, these approaches still require first computing the full 

descriptor before truncating. Therefore, time to build the descriptor increases while the features 

lose their distinctiveness.  

To make the descriptor much simpler and faster to compute while maintaining its distinctiveness, 

Binary Robust Independent Elementary Features (BRIEF), proposed by Calonder [61], forms the 

descriptor as a binary string which is the result of a series of binary tests. In particular, BRIEF 

simply compares the intensities of two randomly chosen pixels in the patch. The pair-wise 

intensity comparison on patch p of size S × S is defined as: 

 

           {
              

           
                                                

 

where I(x), I(y) are the intensity at points (x,y).  Therefore a patch can be uniquely described by 

choosing a set of nd(x,y) location pairs and represented as a nd dimensional binary string: 

 

        ∑     

      

                                                      

 

Since BRIEF compares pixel to pixel, it tends to be very noise sensitive. In order to make BRIEF 

work stably, a pre-smoothing step is required. For nd pairs of points, there are multiple ways to 

select their location. The author experimented on several sampling geometries and concluded 

that a symmetrical and regular geometry is less discriminative than the random geometries. 

BRIEF is very efficient both to compute and to store in memory since it needs only 256 bits, or 
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even 128 bits to obtain very good matching. Furthermore, comparing binary strings can be done 

by computing the Hamming distance, which can be done extremely fast with the XOR operator. 

However, BRIEF is not designed for rotation invariance and will fail rapidly at any rotation 

larger than 15
o
.  

 

d. ORB (Oriented Fast and Rotation BRIEF) 

ORB proposed by Rublee [58] adapts BRIEF so that it is rotationally invariant. Let Ɵ be the path 

orientation pre-computed in the feature detector and RƟ be the corresponding rotation matrix. Let 

S be the set of n binary tests at location (xi,yi) defined by a (      matrix, the steered version SƟ 

of S is: 

   (
        

       
)                                                                

The steered BRIEF operator is: 

              |                                                                 

 

where       is defined as in Equ. (2.54). In order to reduce the correlation between these tests 

and increase the discriminability, the tests in a path are selected from a learning process as 

follow: 

 Run each test against all training patches. The author uses 300k training sets drawn from 

PASCAL 2006. 

 Order the test by their distance from a mean 0.5 and form a vector T. 

 Put the first test into the result vector R and remove it from T. For the next test in T, 

compute the correlation between it and all test in R. If the correlation is larger than a 

threshold, discard this test. Otherwise, add this test to the result vector R until R has 256 

tests. If there are fewer than 256 tests, reduce the threshold and repeat again. 

 

k. BRISK (Binary Robust Invariant Scalable Keypoints) 

BRISK proposed by Leutenegger [59] first rotates the sample pattern by an angle provided from 

the detection step. Similar to BRIEF and ORB, the BRISK descriptor is formed from comparing 

intensities of sample pairs as shown in Figure 2.9(b). However, only pairs that have a distance 

between the points less than a threshold are used. The octaves ci and intra-octaves di are obtained 

by down-sampling the original image with factor 2 and 1.5 respectively.  Let s denotes the scale, 

then 

                                                                    

 

Initially, the FAST detector is applied over the pyramid using the same threshold as in Equ. 

(2.45). The non-maxima suppression is then applied on       spatial and scale neighbors. 
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Since the layers are discretized with different resolution, some interpolation is required. The 

exact location of keypoint is deduced through 2 interpolation steps: A 2D quadratic function in 

form of least square is applied separately in 3 layers: the layer where keypoint is detected, the 

layer above it and the layer below it to find its location in sub-pixel level at different scales. 

Next, these refined locations are used to fit a parabolic function along scale axis to find the exact 

location in scale space. To assign orientation to the keypoint, BRISK first select N points in a 

circular pattern center at the keypoint and apply the Gaussian smoothing proportional to its 

radius as illustrated in Figure 2.9 (b). The local gradient is computed from each pair of points 

(     ): 

 (     )         
 (     )          

‖     ‖
                                            

 

The keypoint orientation is given by the overall gradient vector of the pattern 

  (
  

  
)  

 

 
∑  (     )

         

                                              

 

where   is the subset of keypoint pairs that have distance between them larger than a threshold 

and l is the number of keypoint pairs in  . 

 

l. FREAK (Fast Retina Keypoint) 

Descriptors using binary strings such as BRIEF, ORB, BRISK have recently demonstrated that 

simple comparisons of several pairs of pixels can be efficient in representing a keypoint as well 

as SIFT and SURF with much faster computation and lower memory usage. However, the 

questions that remain on this approach are how to select the sample points in a local patch and 

how to evaluate its robustness to noise. BRIEF and ORB uses random points drawn from some 

distribution function while BRISK uses points that are equally spaced on several concentric 

circles. However, none of these offer a persuasive explanation on how they select these points. 

Alahi et al., [62] proposed FREAK using sampling pattern that imitates the discontinuous search 

of the human retina, as illustrated in Figure 2.12(a). 

Based on some neuroscientific research, which suggests that the human retina extracts details 

from an image using Difference of Gaussian at different sizes with the distribution of reception 

cells focused at the center, the authors [62] suggest using circular sampling points with higher 

density near the center, as illustrated in Figure 2.12(b). The closer to the center, the denser the 

points are. To match the retina model, FREAK use Gaussian kernels with different sizes to 

smooth the intensities of each sampling point. These kernel sizes change exponentially related to 

the distance from the sample point to the center. The farther the points are, the larger kernel they 

have and vice versa. The kernels overlap is illustrated in Figure 2.12(c). 
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(a) 

 

(b) 
 

 

 

 
 

(c) 

 

(d) 

 

Figure 2.12 Illustration of FREAK descriptor: (a) Framework for computer vision mimics human 

retina structure. (b) Distribution of Ganglion Cells over the retina in which more cells focus at 

the center. (c) FREAK sampling pattern with samples distributed in concentric circles. (d) 

Symmetric receptive fields used to compute the local gradient. Reprinted from A. Alahi, R. Ortiz, 

and P. Vandergheynst, "FREAK: Fast Retina Keypoint," presented at the IEEE Conference on Computer 

Vision and Pattern Recognition, Rhode Island, Providence, USA, 2012. ©2012 IEEE. 

 

 

With a small number of sample points, we still have a large number of point pairs. To reduce the 

correlation, a coarse to fine ordering of the difference if Gaussian is proposed. A symmetric 

scheme is captured so that it can be invariant to rotation along the global orientation.  Their 

experiment shows that a binary string built from 512 pairs of points (64 bytes) yields a good 

performance. 

   ∑        

     

        {
     (    

       
  )   

                                   
                         

where   
   is the smoothed intensity of the sample point. FREAK assigns orientation to the 

keypoint similar to BRISK, but with only 45 pairs that are symmetric with respect to the center 

as shown in Figure 2.25(d). 
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Matching exploits the advantage of the coarse to fine property, the first 16 bytes will be checked 

first. If the Hamming distance is less than a threshold, the rest of the bytes will be checked next. 

Otherwise, the matching will be rejected.  Their experiment shows that 90% of the candidates are 

discarded with the first 16 bytes.  

A good summary and comparisons between the most recent feature detectors and features 

descriptors is investigated by K. Eugene [63-65]. 

2.4  Scene recognition 

Scene recognition is one of the most challenging tasks of computer vision due to large intra-class 

variations and complex spatial relationship between contained objects. Scene is often classified 

into either indoor scene or natural scene. Due to the differences between the two groups, there 

are two main approaches.  

 First approach considers the scene as a configuration of individual objects; therefore in 

order to recognize the scene one may initially find the objects and their exact location. This 

is the logical deduction, well acknowledged (e.g. template matching) and especially suitable 

for identifying indoor scenes where many typical things such as furniture, light, etc. often 

present. This is often referred as the local approach.  

 Another attitude considers the scene as an independent object like any normal objects. In 

order to recognize a scene, Oliva and Torralba  [66]  first define the scene as a place in 

which we can move. Based on this explanation, they proposed a definition about “the shape 

of a scene”, which promotes a trend in later research and is successfully implemented for 

natural scene recognition. This tendency is associated as the global approach.  

This thesis concentrates only on the natural scene recognition, such as forest, desert, city, farm, 

etc., the typical space that the autonomous vehicle can travel. We will discuss some of 

representative works that use the global cue. There are several excellent works that can be 

considered state of art for scene recognition, such as [67], [68], [69].  

2.4.1 Scene gist  

Research has shown that humans recognize the scene at the first glance, without remembering or 

understanding all details, but mainly based on its global spatial structure. Oliva and Torralba [66] 

are the pioneers who propose the definition of the shape of scene and consider that scenes 

belonging to the same category have similar shapes or stable spatial structures, called spatial 

envelop, as illustrated in Figure 2.13.  
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Figure 2.13 Illustration of spatial envelop: Different scenes (upper images) and their surface 

representation (shape) (lower images), where the height level corresponding to the intensity at 

each pixel. A scene is a single surface that can be represented by global descriptors. Reprinted 

from Oliva, A. and A. Torralba "Modeling the Shape of the Scene: A Holistic Representation of 

the Spatial Envelope." Int. J. Comput. Vision 42(3): 145-175, 2001.©2001 Springer 

 

The spatial envelop properties can be extracted once instead of splitting into several properties 

and can belong to one of the five classes: degree of naturalness, degree of openness, degree of 

roughness, degree of expansion, degree of ruggedness. To model the spatial structure, a Discrete 

Fourier Transform (DFT) of an image is constructed and the energy spectrum of the image is 

computed. The DFT at a frequency         is computed as: 

          ∑                           

   

     

  (     ) 
  (     )                

where        is a circular Hanning window to reduce the boundary effect,  (     ) and 

 (     ) are the amplitude and the phase of the DFT at the frequency         respectively. The 

energy spectrum which is the squared magnitude of the amplitude encodes only the unlocalized 

dominant structural patterns, so it is invariant to objects distribution and object types. 

Furthermore, spatial distribution is represented by means of the windowed Fourier Transform:  

 (           )   ∑                    
    (       )

   

     

                       

The spectrogram, which is the squared magnitude of  (           ), represents the localized 

energy spectrum and can be used for analyzing the scene’s details. Both the spectrum and the 

spectrogram are compressed by using the reducing dimension techniques, such as the principle 

component analysis (PCA) or the Karhunen-Loeve transform (KLT). The energy spectrum and 

spectrogram are illustrated in Figure 2.14.  
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(a) (b) (c) 

 

Figure 2.14 Illustration of image spectrogram (a) A city scene (b) Global energy spectrum (c) 

Spectrogram of the image. Reprinted from Oliva, A. and A. Torralba "Modeling the Shape of the 

Scene: A Holistic Representation of the Spatial Envelope." Int. J. Comput. Vision 42(3): 145-

175, 2001.©2001 Springer 
 

    

(a) (b) (c) (d) 

 

 
Manmade                                                                                                                         Natural 

(d) 

 

Figure 2.15 Illustration of discriminant spectral template (a) Natural openness (b) Manmade 

openness (c) Natural ruggedness (d) Manmade expansion. (e) Examples of naturalness degree. 

The brighter the response is, the more likely the scen is natural. Reprinted from Oliva, A. and A. 

Torralba "Modeling the Shape of the Scene: A Holistic Representation of the Spatial Envelope." 

Int. J. Comput. Vision 42(3): 145-175, 2001.©2001 Springer 
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To estimate the spatial envelope’s properties by global spectral features, the author defined the 

discriminant spectral template (DST) to show how spectral components of energy spectrum 

should be weighted: 

   (     )   ∑     (     )

     

                                                     

where           are the basics of the energy spectrum after KLT.  The basics are orthogonal and 

decorrelated. Several DST are displayed in Figure 2.15(a) to (d).  Figure 2.15 (e) illustrated the 

distinctiveness of spatial envelop in degree of naturalness.  

The spatial envelop of a scene is measured by the sum of the product of the amplitude of the 

energy spectrum and DST: 

   ∬ (     )
 
   (     )                                              

Typical exemplars of categories are projected into spatial envelop space to make a database. The 

K-nearest neighbor classifier is used to recognize a new scene. The performance of this 

algorithm achieves 89% to 93% for 5000 test samples with total 8 categories. 

 2.4.2. Bag of word  

The bag of word (BOW) method was first proposed by Csurka [70] for object recognition and 

later was applied for scene recognition[71] [72]. The idea is adopted from text categorization. A 

text is composed from many words. In order to say what the text’s category is, the BOW method 

encodes frequencies that words appear into a histogram of words. After training, a text’s 

histogram of word will be fitted to classifiers to identify the text category. The BOW method 

applied for images follows the same procedure; however it requires constructing “visual words”, 

which are analogous to ordinary words in the text recognition.  

Because SIFT is invariant to orientation, scale and stable to illumination change and noise, SIFT 

can be used to construct visual words for the BOW method. The algorithm follows the procedure 

depicted in Figure 2.16. The first step is to extract the features using feature detector and to 

compute the feature descriptions, which are discussed in section 2.3. Since many descriptors can 

be extracted from one image, they need to be grouped into several clusters and the most 

representative descriptions will be selected from the groups to create the codebook. This not only 

reduces the dimension of codebook but also make the codebook more stable. Once the codebook 

is available, the feature descriptions from each image are mapped to the closest code-word to 

construct the histogram of visual words, also called bag of words. Each histogram is an exemplar 

of the scene. Using machine learning technique, such as the Bayesian method or the Support 

Vector Machine (SVM) method, the classifiers are constructed for scene recognition. 
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Figure 2.16. Flowchart of the Bag of Word for scene recognition. Reprinted from L. Fei-Fei and P. 

Pietro, "A Bayesian Hierarchical Model for Learning Natural Scene Categories," in Proceedings of the 

2005 IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR'05) - 

Volume 2 pp. 524-531. © 2005 IEEE 
 

Fei Fei[71] uses a total of 650 training images to create a codebook. To extract the local feature 

descriptions, the author tested with a total of 4 methods of keypoint detectors and 2 methods of 

feature descriptions. The result summarized in Table 2.2 [71] indicates that feature extracted at a 

dense regular grid combining with SIFT outperforms the other. 

Table 2.2 Evaluate the BOW‘s performance by using different methods to extract keypoint: 

evenly sampled grid, random sampling, Kadir and Brady Saliency Detector, Lowe’s DoG 

detector and two different representation: normalized 11×11 pixel gray values and 128-dim 

SIFT descriptor. 

  

Descriptor Grid Random Saliency  SIFT detector 

11 x 11 Pixels 64.0% 47.5% 45.5% N/A 

SIFT descriptor 65.2% 60.7% 53.1% 52.5% 

 

Their experiment showed that the codebook with 174 representative visual words works best. To 

train the Bayesian classifier, 13 categories with 100 images for each category are used. They 

reported the average correct recognition rate is 64%, in which 4 categories achieved 74% 

accuracy. While the method proposed by Oliva and Torralba [66] needs a pre-label process for 

the picture properties, such as naturalness, openness for all images in the database, the BOW 

only requires specifying the category of each image, which reduces much less time for training. 
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The histogram of visual words [71] completely ignores the spatial information. For scene 

recognition, though the spatial constraint is not as strict as in object recognition, the global 

spatial structure still follows some restrictions, such as sky is always on the top of the picture. To 

incorporate spatial information, Lazebnik [72] adopted the spatial pyramid matching proposed by 

Grauman [73] into the BOW. The pyramid has 3 levels        ; at each level, the image is 

partitioned into 2
l 

 in each direction. For each level and each feature channel, the number of 

features is counted in each spatial bin, as illustrated in Figure 2.17.  

 
 

Figure 2.17 Illustration of constructing spatial histogram in BOW algorithm. There are three 

types of feature, denoted as circles, crosses, and diamonds. For each level of resolution and 

each channel, we count the features that fall in each spatial bin. Reprinted from K. Grauman and 

T. Darrell, "The pyramid match kernel: discriminative classification with sets of image features," in 

Computer Vision, 2005. ICCV 2005. Tenth IEEE International Conference on, 2005, pp. 1458-1465 

Vol. 2.© 2005 IEEE. 

 

For training, the image descriptor is encoded as a vector which is a concatenation of a total of 21 

spatial histograms from 21 regions. The author suggested that using 200 visual words for the 

codebook, so that the dimension of the spatial histogram is 4200; however they are tremendously 

sparse vectors. For matching, the author assumed that only features of the same type can be 

matched to each other. Therefore, the pyramid match kernel for each feature channel between the 

two sets of descriptors X and Y is defined as: 

        
 

  
    ∑

 

      

 

   

                                                       

where    is the histogram intersection at level l 

 (  
    

 )  ∑       
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where   
     and   

     are the numbers of points from X and Y that fall into the i
th

 cell of the 

grid at the level l. The final kernel is then the sum of the separate channel kernels: 

         ∑        

 

   

                                                              

The histogram is normalized by the total weight of all features in the images. This requires the 

number of features in all images to be a constant. Therefore, a dense regular grid is used with 8-

pixel resolution. The average result is reported as 81% successful recognition on over 15 

categories. 

2.4.3 CENTRIST 

Many researchers agree that the descriptor of an image is the most important key to recognize the 

scene. The GIST[66] method and the BOW method [71, 73] use global features, but differ 

chiefly on the way to represent this property. In particular,  Oliva and A. Torralba [66] used 

spatial envelop and Fei Fei[71] [73] used histogram of local descriptor. Wu and Rehg [74] 

argued that several properties in GIST, such as naturalness or openness, do not often appear in 

many scenes. On the other hand, because the local descriptor used in BOW is originally designed 

for local matching, local descriptors are not adequate to represent the global properties. 

Therefore, they proposed a new descriptor, called CENsus Transform hISTogram (CENTRIST), 

designed specifically for scene recognition.  

CENTRIST is designed to contain the rough geometrical information of the scene and capture 

global structural properties while suppressing textural details. Census transform (CT) compares 

the intensity value of a center pixel with its 8 neighbors. A CT value is an integer represented by 

8 bits. If the center pixel is larger than or equal to a boundary pixel, the corresponding bit will be 

set to 1. Otherwise, a bit 0 is set, as illustrated in Equ. 2.66. A CT value is in the range of 

[     ]  A census transform of an image is visualized in Figure 2.18. 

 

 

 

 
(a) (b) 

 

Figure 2.18 An example of Census Transformed image. (a) The original image (b) The CT 

transform image.  



39 
 

 

 

The histogram of CT value (CENTRIST) is used as an image descriptor. Since CENTRIST is 

only capable to represent the shape structure in a small image patch, a spatial pyramid matching, 

which is similar to [73], is proposed to capture the global structure of image. The pyramid has 3 

levels           ; at each level, the image is split into 2
l 

 in each direction. They also add 

               overlap regions at the center to improve the robustness. To ensure that the 

number of pixel in each region is equal, each region is resized to the same dimensions as shown 

in Figure 2.19. 

 
 

Figure 2.19 Illustration of splitting each level image in the image pyramid to compute  

CENTRIST.  

 

Although the dimension of a CENTRIST descriptor is 256, the authors believed that its true 

dimension is much less than 256 because the neighbor CT values are strongly correlated due to 

the some constraints. Therefore, it is suitable to use reducing dimension techniques, such as 

PCA, to compress the descriptor, which leads to the descriptor named Principle component 

Analysis of Census Transform histogram (PACT). Their experiments proved that a 40-

dimensions descriptor works best. They also applied the bag of visual words method using 

CENTRIST descriptor, but suggested that PACT has better performance. The 3 levels spatial 

pyramid CENTRIST of an image is a concatenation of all individual CENTRIST, and has a 

dimension of 40               . Since the CT values are based solely on pixel intensity 

comparisons, some statistics measurements such as mean or variance will better reflect the 

identity of image patch. Therefore, they used a 42-d vector descriptor in which the mean and the 

variance of the vector’s elements are added, this leads to the dimension of CENTRIST 

equal                      . For training and matching they use SVN classifier or 1 

nearest neighbor method (1-NN) with the histogram intersection function to measure the 

similarity between 2 CENTRISTs. Their experiments show that applying CENTRIST on Sobel 

images with SVN classifier can achieve up to average              accuracy. They consider 

that CENTRIST outperforms the GIST method and the BOW of SIFT method, because it does 

not require parameters tuning and extremely simple and fast.   

32 45 70  1 1 0  

32 64 255 → 1  0 → (11010110)2  →  CT=24          (2.66)     

64 32 96  1 1 0  
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Xianglin and Zhengzhi [75] pointed out that the CT is sensitive to the value of the center pixel. If 

the center pixel is corrupted by noise or varies by lighting fluctuation, the CT value may change 

dramatically. They therefore generalize the CENTRIST descriptor by adding a threshold value to 

the comparisons: 

    {
                                
                             
                                      

                                                 

After being transformed, the pattern is separated into an upper (positive) pattern and a lower 

(negative) pattern, as shown in Figure 2.20(a). 

 
(a) 

 

 
 

(b) 

 

Figure 2.20 Illustration of building generalized CENTRIST (a) Example of computing 

generalized CENTRIST. (b) Procedure to create the generalized CENTRIST vector. Reprinted 

from M. Xianglin and W. Zhengzhi, "Rapid Scene Categorization Using Novel Gist Model," in 

Information Engineering and Computer Science (ICIECS), 2010 2nd International Conference on, 2010, 

pp. 1-4. ©2010 IEEE. 
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The generalized CENTRIST is simply a concatenation of two histograms of the upper pattern 

and the lower pattern, as illustrated in Figure 2.20(b). They applied the PCA to reduce the 

descriptor’s dimension to 80 with similar reasons indicated in [74]. To capture spatial 

information, they use the spatial pyramid matching analogous to [73], without shifting the 

pattern to make overlap regions because they found no significant improvements by overlapping 

the regions. Using the same method with[74], dataset was trained by  SVM classifier, they 

claimed that the average result is improved up to              accuracy.    

2.5  Object detection and recognition 

There are two main approaches for object detection and recognition: the single model approach 

and the parts-based model approach. Different approaches use different descriptors and different 

classifiers to serve their purpose.  

In the single model approach, an object is often assumed to be rigid and the descriptor will cover 

the whole object. There are some important works in this domain. For examples, Papgeorgiou 

and Poggio [76] used Haar wavelet with Support Vector Machine (SVM) classifier, Viola et al 

[54] and Lienhart [77] with extended Haar-like feature and a cascade AdaBoost. Another kind of 

model simply ignores the spatial constraints between model parts. For instance, Lowe[42] used 

SIFTto model objects and Hough Transform to recognize object; Csurka [70] proposed the Bag 

of Word using SIFT and SVN classifier for object recognition. 

On the other hand, parts-based models are suitable for detecting articulated objects whose body 

parts can move under some constraints. In this approach, each part is detected separately and the 

object is found if several of its parts are found under a predefined geometric configuration. Some 

recently representative works are: statistical models encapsulating spatial prior probability 

(Crandall [78]), and patchwork of parts models, pictorial structure, generalized A* architecture, 

and the discriminative parts based model all proposed by Felzenszwalb [79, 80], [81], [82] [83]. 

There are several good surveys in the field of object recognition, such as [84] [85]. We will focus 

on some state-of-the-art works for object recognition in this section. 

2.5.1 Boosted cascade of simple features 

One of the most successful algorithms for object detection, which is widely used for face 

recognition, was first proposed by Viola et al. [54]. Their contribution includes creating a new  

descriptor using a simple Haar Wavelet, a new classifier based on AdaBoost[86] and a cascade 

structure to combine more complex classifiers at an extremely fast speed.  

The Haar Wavelet filters are simple rectangular boxes with +1 and -1.  The response of an image 

patch to the filter is the sum of signed intensity of all pixels within the box. The summing is 

accelerated by using an integral image. The integral image is computed iteratively as:       
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“Boosting” is the concept, introduced by Viola et al. [54], which means building a classifier from 

a series of increasingly discriminating simple classifiers. In particular, Viola constructed a 

classifier as a sum of weak learner-functions: 

         [∑        

   

   

]                                                        

where       is a threshold function and    is its corresponding weight coefficient. 

      {
                 (        )   

                                       
                                    

where   is the       image patch,       is the response of Haar filter,    is the threshold value 

and    is the sign function. Using a training set with a positive sample (    ) for image 

containing object and a negative sample (    ) for an arbitrary non-object image, the classifier 

coefficients    are iteratively updated to get the optimal value. 

A cascade classifier composed of several boosted classifiers that are applied sequentially until an 

individual classifier rejects the sample or all classifiers accept the sample, as illustrated in Figure 

2.21(a). Figure 2.21(b) shows an example of the procedure to detect human face using cascade 

classifier. 

 
 

 
 

 
 

 

(a)  (b)  

 

Figure 2.21 Illustration of cascade classifier (a) Schematic depiction of the cascade classifier. 

(b) Two features are applied to recognize human face. The first feature measures the 

difference between brows and eyes. The second is applied to measure the varying intensity 

from the left eye to the nose and to the right eye. Reprinted from P. Viola and M. Jones, "Rapid 

object detection using a boosted cascade of simple features," in Computer Vision and Pattern 

Recognition, 2001. Proceedings of the 2001 IEEE Computer Society Conference on, 2001, pp. I-511-I-

518 vol.1. ©2001 IEEE. 
 



43 
 

Lienhart [77] also made an extension of Haar wavelet features by adopting 45
o
 tilted features and 

a rotated summed area table, as illustrated in Figure 2.22. Those generalized Haar-like features 

increase the dimensionality of the set of features, and can reduce the false detection rate by up to 

10-12.5%. 

             
                 

(a)      (b) 

 

 
(c) 

 
(d) 

 

Figure 2.22 Illustration of generalized Haar Wavelet filters: (a) Edge features (b) Center-

surround features (c) Line features (d) Summed Area Table and Rotated Summed Area Table. 

Reprinted from R. Lienhart and J. Maydt, "An extended set of Haar-like features for rapid object 

detection," in Image Processing. Proceedings  International Conference on, 2002, pp. I-900-I-

903 vol.1, 2002  ©2002 IEEE. 

 

2.5.2 Histogram of gradient descriptor 

One of the most well-known descriptors for object detection is the Histogram of Gradient 

(HOG), proposed by Dalal and Triggs [87]. Very similar to SIFT, HOG is the concatenation of 

several orientation histograms from cells. However, HOG is computed from a larger image patch 

covering the whole object. The image patch is partitioned into many cells by a regular grid; each 

cell contributes to several overlap blocks.  HOG is only computed at a single scale and a fixed 

orientation.  The procedure to construct HOG descriptor is depicted in Figure 2.23(a). The steps 

are explained as follows: 

Step 1: Compute gradient: 

The gradient is computed by convoluting of the image patch with two simple kernels [-1,0,1] and 

[-1,0,1]
T
 without smoothing. For a color image, gradient images are computed separately for 

each color channel, and the one with largest magnitude is selected as the pixel’s gradient vector. 

Step 2: Weighted vote in spatial and oriented cell 

The image patch is partitioned into many cells. Each cell can have dimensions of 6×6 to 8×8 

pixels, and can be either rectangular or radial in shape. The orientations of gradient vectors are 

discretized into 9 bins (0-180
o
) or 18 bins (0-360

o
). Each pixel contributes to the cell histogram 

of gradient orientation by its gradient magnitude at its corresponding quantized bin. To account 



44 
 

for spatial importance, a Gaussian weighted window can be applied at each cell to emphasize the 

pixels near the center of the cell. 

 

   

          

 

 

(a) (b) 

 

Figure 2.23 Illustration of HOG descriptor: (a) Procedure to compute HOG description. (b) An 

example of human image and its visualized HOG descriptor. Reprinted from N. Dalal and B. 

Triggs, "Histograms of oriented gradients for human detection," in Computer Vision and Pattern 

Recognition, IEEE Computer Society Conference on, pp. 886-893 vol. 1,2005,.  © 2005 IEEE 

 

Step 3: Contrast normalized over overlapping spatial cells 

In order to account for changes in illumination and contrast, the gradient strength must be locally 

normalized. Therefore, several neighbor cells are grouped into a larger block and normalized as 

described in Table 2.3. The HOG descriptor is a concatenation of all cell’s normalized 

histograms in the image patch. Block geometry can be either rectangular (R-HOG) or circular 

(C-HOG). The HOG descriptor is visualized in Figure 2.23(b). 

Table 2.3 Normalization methods to compute HOG descriptor 
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The procedure to train a classifier to detect object using HOG descriptor is depicted in Figure 

2.24. 

Training phase 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

           Detect object 

 

 

 

 

 

 

 

 

 

 

Figure 2.24 The flow chart of applying HOG descriptor to train classifier and detect object 

 

In the training phase, a normalized training data set contains images that have the same size. An 

image is marked as a positive sample if it has object and negative if it does not. The images are 

encoded into a series of HOG feature vectors and later are fit to a SVM classifier. The SVM 

classifier is a binary classifier which looks for an optimal hyper-plane that separate negative and 

positive samples. The decision function, also called the HOG filter F, is a vector containing this 

hyperplane’s coefficients. The response of an image patch to the HOG filter F is the dot product 

of this vector with the HOG descriptor Ф(H,p) of image patch: 

           ∑  [ ]       [ ]

 

   

      
 

          
                               

In the detecting phase, a sliding window that has a same size as the training sample will search 

over image along directions (x,y) and scale l. At each coordinate (x,y,l), a part of the image, 

which has same size with sliding window,  is encoded to a HOG descriptor. A feature map is an 

array collecting all the HOG descriptors. Let p(x,y,l) be the vector specifying location (x,y) and 

scale level l of the image path in the entire image pyramid H. The feature map can simply 

denoted as Ф(H,p) and the location of object is any p(x,y,l) that 

            [           ]                                        
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In practice, because one object can be detected at several different scales, a mean-shift or several 

interpolation steps are required to find the object’s exact position.  

2.5.3 Deformable parts based model 

The parts-based model is constructed to tolerate the geometric varying of articulate objects. A 

typical parts-based model contains several separate descriptors for different object parts and 

penalty functions to represent their geometric relationships. The earliest model is the pictorial 

structures proposed by Fischler and Elschlager [88] 

   ∑      

 

  ∑   (     )

   

                                               

where        is the function matching the model template with part i
th

 of the object at the location 

   in the image, and    (     ) describes the geometric constraints between part i
th

 and part j
th

 

between the location    and   . There are a variety graphical models to represent the geometric 

configurations, such as: constellation, star, k-fan, tree, bag of features, hierarchy, and  sparse 

flexible model [89].  An example of using the pictorial structure to detect a human, applied by 

Felzenszwalb [80], is shown in Figure 2.25 

 

 

 

 
 

(a) (b) 

 

Figure 2.25 Example of using the pictorial structure to detect a human (a) a binary image 

obtained by the background subtraction and the rectangular template was matched to recognize 

the human. (b) Recognition result. Reprinted from P. F. Felzenszwalb and D. P. Huttenlocher, 

"Pictorial Structures for Object Recognition," Int. J. Comput. Vision, vol. 61, pp. 55-79, 

2005.©2005 Springer. 

 

The state-of-the-art algorithm for object detection is  the discriminated parts-based model 

(DPBM) proposed by Felzenszwalb [90] [91]. This model is built from 3 main blocks: HOG 

descriptor to represent object appearance, a tree geometric configuration for deformable objects, 

and a latent support vector machine (LSVM) as a classifier.  An object is represented by a 

mixture of deformable parts-based models, in which each individual model captures a different 
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view of the object. Each individual model has a root filter and n deformable part models. The 

root filter covering the entire object is defined by a HOG filter at a low resolution, while each 

part model is specified by a HOG filter at a higher resolution and a spatial constraint function. 

An example of a bicycle represented by two discriminated parts-based model components is 

illustrated in Figure 2.26.   

 

 

 

 

 

 

 

 

(a)  (b)  (c)  (d)  
 

 

 

 

 

 

 

 
(e)  (f)  (g)  (h)  

 

Figure 2.26 Example of two component discriminated parts-based models for a bicycle. (a) and 

(e) Images of bicycle at two orthogonal views. (b) and (f) Visualization of HOG global filter 

which capture the entire object at coarse solution. (c) and (g) Visualization of HOG local filters 

which capture each part of object at finer solution. (d) and (h) Visualization of deformable 

models. Reprinted from P. F. Felzenszwalb et al., "Object Detection with Discriminatively 

Trained Part-Based Models," Pattern Analysis and Machine Intelligence, IEEE Transactions on, 

vol. 32, pp. 1627-1645, 2010. ©2010 IEEE. 

 

The HOG feature pyramid is the HOG map from the image after down-sampling in the scale 

pyramid, as illustrated in Figure 2.48. The detection window is defined by the root filter 

locations, and the part filters are placed inside this window, but at several lower layers (at least 

two) in the HOG pyramid. This is because the root filter captures the global structure of object, 

so the more the image is blurred, the better the root filter can match with the object. In contrast, 

the part filters find the details of an object’s parts. Therefore, the higher the resolution of the 

image parts, the more accurate the detecting results are.  The model for an object with n parts is 

formally defined by a root filter Fo and a set of part model (P1,…,Pn) where Pi is defined as Pi = 

(Fi,vi,si,di). Fi is the part filter, vi is the location of the center of the box covering the part 
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relatively to center of the root filter, si is the size of the box, and di is 4 dimensions vector 

specifying coefficients of a quadratic penalty function for spatial configuration. A process to 

scan over image from the low resolution level to the higher resolution level is illustrated in 

Figure 2.27. 

 
           (a)                                           (b)                                  (c) 

 

Figure 2.27 Illustration of the procedure to detect object using discriminated parts-based model:  

(a) Image pyramid, (b) The HOG feature pyramid, (c) Discriminated parts-based model. The root 

filter scans over the HOG feature pyramid, beginning from the lowest resolution to the highest 

resolution layers. Suppose the root filter finds an object at level 2, the part models then scan 

around the location detected above, but at the bottom level. The score is the sum of filter scores 

subtracting deformation costs. Reprinted from P. F. Felzenszwalb et al., "Object Detection with 

Discriminatively Trained Part-Based Models," Pattern Analysis and Machine Intelligence, IEEE 

Transactions on, vol. 32, pp. 1627-1645, 2010. ©2010 IEEE. 

 

2.6  Summary  

This chapter provides a literature review of current techniques that can be used to develop an 

autonomous visual perception system, especially focusing on motion detection, object tracking, 

scene recognition and object recognition.  

About the motion detection techniques, two main approaches are reviewed: The background 

subtraction methods and the optical flow methods.   The background subtraction methods 

indicate moving objects by taking the difference between two consecutives frames. To increase 

robustness of the algorithm to noise and changes of environment, the background can be 

modeled as the mixture of Gaussian models, in which each individual Gaussian model represents 
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a probability that a pixel belong to the background at a specific condition. Other variations that 

incorporate color and gradient to detect shadow and to reduce the effect of quick illumination 

changes were also described.  On the other hand, the optical flow methods try to find the 

displacement of each pixel by a general assumption that the pixel intensity does not change 

rapidly between two consecutive frames. Differing with the background subtraction, the optical 

flow can point out the direction of movement; however, it is more prone to noise.  

About the object tracking, two main methods are reviewed: tracking using color histogram and 

tracking using invariant features. The color tracking method utilizes the color histogram, a global 

feature of the objects, to model object. The mean shift algorithm and its variations such 

CamShift, mixture of several color histograms, combining a color histogram with spatial 

information, and an asymmetric kernel shape are mentioned. In contrast, the invariant features 

methods explore the local features of objects by modeling an object as a combination of invariant 

keypoints and keypoints’ descriptors. The important keypoints detector techniques, such as 

Harris Corner, Shi-Tomasi good feature to track, SUSAN, Harris Laplace, SIFT, SURF, FAST, 

CenSurE, ORB, BRISK, are included. The feature descriptor techniques, such as SIFT, GLOH, 

SURF, BRIEF, ORB, BRISK, FREAK, are also reviewed.  

About the scene recognition, three techniques are covered: GIST, Bag of Visual Words and 

CENTRIST. While the Bag of Visual Words method combines many local descriptors to 

describe a scene, the GIST and CENTRIST model the spatial properties of a scene by some 

appropriate transforms, such Fourier transform or Census Transform. While the GIST requires a 

preprocessing step to label the properties of each sample based on human common sense, two 

other methods only need to specify the scene categories of training images, which greatly reduce 

the training effort. 

Finally, three approaches for object detection and recognition, which are boosted cascade of 

simple features, histogram of gradient descriptor, and deformable parts-based models, are 

reviewed. While the first two methods are designed to recognize rigid objects, the parts-based 

models are also able to recognize articulates objects. The machine learning techniques, such as 

Bayesian classifier, 1-nearest neighbor and Support vector machines, are used for training the 

classifiers in these techniques.     
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Chapter III   

 

Motion Detection and Object Tracking 

 

 

3.1. Introduction 
 

Motion detection highlights the areas containing moving objects. In a visual perception system, 

motion detection helps segment potential objects for recognition and tracking. Fig. 3.1 shows the 

procedure of a typical visual perception system. 

 

 

 

 

 

 

Figure 3.1 The flowchart of motion detection and tracking 

 

3.2. Motion detection: 
 

This thesis combines two motion detection techniques: the mixture of Gaussian models (MOGs) 

and the Optical Flow (OF) method.  

 The background subtraction detects most moving objects and new objects which stay still 

in the scene in a short period of time. 

 To indicate the motion direction, optical flow is estimated based on the result from 

background subtraction. 

 

3.2.1. Mixture of Gaussian Models: 

 

The MOGs proposed by Zivkovic [7, 8] was implemented to address the problem of lighting 

change, swaying objects, and background vibration. Shadows from the foreground image can be 

detected and removed using the method proposed by Prati [92]. We started with the basic MOGs 

model introduced by Stauffer and Grimson [2] which inspired the method in [7, 8] . 
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In MOGs described in [2], the values of a particular pixel at position (x0,y0) over time are 

considered as a “pixel process”,    

 

                                   (3.1) 

 

where    is the vector denoting the value of a pixel at time t. The value can be a color vector in 

any color space, such as RGB, YCrCb, HSV. Because the value of the pixel varies due to 

lighting change and vibration, a probabilistic model is more suitable to represent the background 

rather than a direct intensity.  

 

From the Bayesian perspective, given a pixel intensity   , the pixel is more likely belonging to 

the background (BG) than the foreground (FG) if: 

 

    |   

    |   
 

    |        

    |        
                                                   

 

Generally, the foreground pixel can take any values so that we assume that     |    is a 

uniform distribution.  The decision that a pixel belongs to the background is given by: 

 

    |     
    |        

     
                                                 

 

The mixture of Gaussians model has been widely used to approximate an arbitrary density 

function. Intuitively, each individual model can represent each lighting condition or oscillating 

surface appearing at the position of the pixel, for example leaves on a tree or a flag in the wind. 

The variation of the background therefore can be described by a mixture model combining these 

models, such that a new pixel will fall into one of its components. Because each incoming pixel 

might belong to background or foreground, we denote the estimated density as   

 

 (  | 
   )   ∑     

 

   

 (  |         )                                    

 

where      is the normalized weighted coefficient for each Gaussian normal distribution 

    |          , which has mean      and covariance matrix           
  , evaluated at Xt 

(∑        . Each pixel has its own K separate Gaussian models. Selecting K depends on the 

available memory and computational power, and K is usually from 3 to 5 models. Since the 

moving objects change their location continuously, their pixels are incorporated into the mixture 

model by small weights     .  Therefore, the background can be approximated by the first B 

models (B < K) with largest weights: 
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 (  |         )                                              

 

The Gaussian model that has the highest weight and the lowest variance is the most stable one to 

represent the background, since intensities falling in its volume appear most often with the least 

variation. This property is characterized by a ratio         . For a consistent background 

pixel, the small variance leads to a high ratio. In contrast, when a new foreground pixel is 

collected, it will introduce a new Gaussian model with a large variance and a small weight; this 

will reduce the ration S. The procedure of updating the model to tolerate new pixels is depicted 

in Figure 3.2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2 Flow chart of updating MOGs model. 

 

i. First, Xt  is checked to see if it matches with each of existing Gaussian models.  
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ii. If it matches model k, the model is adjusted to tolerate new data: 

 

        |                                                         (3.7) 

 

                                                                           

     

    
             

    |       |
 
                                         

    

where   is a constant determining the speed of rejecting the old model and adding 

the new model. The unmatched model remains the same. 

 

iii. If the new data does not match with any model, it is considered to be a foreground 

pixel. The mixture model is adjusted by replacing the least probable distribution with 

a new model taking Xt as its new mean, initialized with a high variance, and low 

priority.  

 

iv. The prior weights      of K distributions at time t are updated as following: 

                                                                        

 

where      is 1 for matched model and 0 for unmatched model. After this 

approximation, the weights are renormalized. 

v. After updating, all models are sorted from the highest to the lowest ratio S and only 

the first B models satisfying the threshold are selected to represent a new background 

model for the next running. 

         (∑          

 

   

)                                 

where    is a constant specifying the maximum portion of the data that can belong to 

the foreground without affecting the background model. 

In the model above, K is fixed and B may change (B < K). This allows a new part to become a 

background without destroying the previous models. In other words, the original background 

model still remains until it becomes the (K+1)
th

 model. This, however, might lead to less 

efficience in computation and cannot adapt well to the dynamic changes of the environment. In 

[7, 8], Zivkovic improves the algorithm by allowing the number of Gaussian models to adapt to 

the changes of each pixel location. Using a slightly different formula, the number of the models 

is determined by the weight coefficients, which are updated iteratively: 
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   )                                         

Where the weights coefficients are updated by 

               (            )                                                      

                

 

    
                                                                                

    
        

       

 

    
(    

          
 )                                                      

 

where   is a user selected parameter that limits the influence of old data,       where 0.1N is 

the number of frame that a new coming object needs to stay still before incorporated into the 

background,      is the match index:      is 1 if the new pixel matches with model and is 0 

otherwise, and    is the bias term. 

We run experiments with two different video sources for outdoor scene. Some of the frames are 

extracted in Figure 3.3. 

   
   

   
   

   

Figure 3.3: Screenshot of tested video’s frames 

 

The implemented code used the background subtraction package provided by OpenCV and the 

reported processing time was measured on the computer Core i7 3.2Ghz for images of size 

        is 3 ms.  The parameters are set up as: maximum number of Gaussian models Nmax = 
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5, the back ground ratio        , the learning ratio        , the threshold for Mahalanobis 

distance to match with model        , the bias value   = 0.05, and objects need to stay still in 

[    ⁄ ]      frames before changes its status. The shadow threshold is set to 0.5; that is, a 

moving pixel that is twice darker then the background will be considered as shadow. Several 

segmentation results are shown in Figure 3.4. 

 

   
   

   
   

   
   

   
   

 

Figure 3.4: Experimental results using the MOG algorithm for moving objects detection. 
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We follow the same method proposed in [7, 8] to evaluate the algorithm performance. The true 

positive rate and false negative rate is shown in Figure 3.5 

 
Figure 3.5 Evaluation the performance of the MOG algorithm  

 

The mean of true positive is 85% with variance 0.012 and the mean of false negative rate is 0.12. 

3.2.2. Optical flow 

Let          be the brightness of the pattern at position (x,y) in the image captured at time t  and 

                    be this pattern after a displacement (δx=uδt, δy=vδt) at time (t+δt). 

The constraint can be written as: 

 

                                                               

 

As mentioned in section 2.2.2, the Lucas-Kanade method is implemented in the following steps: 

 

i. Let I1 and I2 be the gray-scale previous and current images, respectively. The input 

images I1, I2 are suppressed noise by a Gaussian kernel before computing the derivative 

image Ix, Iy , It where            . 

ii. Compute five second derivative matrices as follow  
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       ],    
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       ]  

    [               ]          [               ]         [               ]          

 

iii. Compute the weighted matrices wIx
2
, wIy

2
, wIxy, wIxt, wIyt by performing the convolution 

between Ix
2
, Iy

2
, Ixy, Ixt, Iy with Gaussian kernel W respectively. Each element of these 

matrixes is the weighted sum of all elements in a window which has size of W. 

iv. The optical flow vector at each pixel is derived by first computing the eigenvalues λ1, λ2 

of matrix K. There are there possibilities: 
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a. If λ1> λ2 > λthreshold : The optical flow (u,v) is computed by (3.18). 
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b. If λ1 > λ threshold > λ2: The optical flow is computed by the Cramer’s rule  [ ]  
       

      
 

where Ki is the matrix formed by replacing the i
th

 column of K by the column vector b 

in (3.18). 

c. If λ threshold > λ1 > λ2: There is no motion V= [0,0]
T
.   

Bouguet [13] accelerates the process by building a pyramid of images at different scales. The 

algorithm starts estimation optical flow from the lowest resolution pair of images and uses this 

result as an initial value for the next level of pyramid. The algorithm runs iteratively from the top 

of pyramid to the bottom layer of the pyramid. 

The implemented code used the optical flow package provided by OpenCV. The experiment was 

performed on the computer Core i7 3.2Ghz.  The minimum distance shift between the previous 

position and the current position to claim moving pixels is 2. For a video source which has a 

frame size of 240×320 and the 3 layers pyramid is setup at a scale factor of 0.5, the report 

processing time is 5.1ms. Some experiment results are shown in Figure 3.6. 

   
   

   
   

   

Figure 3.6 Experimental results using a 3-layer pyramid Optical Flow.  
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For a video source which has a frame size of 480×640, and the 5 levels pyramid is setup at a 

scale of 0.5, the reported processing time is 6ms. The experiment results are shown in Figure 3.7. 

  
(a)  (b)  

  
(c)  (d)  

  
(e)  (f)  

 

Figure 3.7 Experimental results using a 5-layer pyramid Optical Flow. 
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3.2.3. Combine background subtraction and Optical Flow 

The procedure to combine the background subtraction method and the optical flow method is 

depicted in Figure 3.8 

 

 

 

 

 

Figure 3.8 Procedure for motion detection using background subtraction and optical flow 

 

The optical flow is computed on the foreground area detected by the background subtraction. 

However, the background subtraction often returns the result with “salt and pepper” noise. 

Therefore, a median filter is suitable to remove this kind of noise before computing Optical 

Flow. The Figure 3.9 shows some experiment results using this algorithm. 

  
(a)  (b)  

  
(c)  (d)  

Frames 
Background 

subtraction 

Median 

Filter 

Optical Flow 

tracking 
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(e)  (f)  

  
(g)  (h)  

 

Figure 3.9:  Experimental results using the background subtraction method combined with the 

Pyramid Optical Flow method. 

 

For the video with a frame size of 230×460, the parameters are set up as: maximum number of 

Gaussian models Nmax = 5, the back ground ratio        , the learning ratio        , the 

threshold for Mahalanobis distance to match with model        , the bias value   = 0.05, and 

objects need to stay still in [    ⁄ ]      frames before changes its status. The shadow 

threshold is set to 0.5, that is, a moving pixel that is twice darker then the background will be 

considered as shadow. The median filter uses kernel 5×5 The parameters for Optical Flow are set 

up as: pyramid is setup with 3 layers at scale factor 0.5, the minimum distance shift between 

previous position and current position to claim moving pixel is 2. The average processing time is 

6.5 ms.  

The observation shows that the optical flow procedure cannot detect motion of small objects or 

objects with relatively uniform color because the lack of feature points. The background 

subtraction can highlight moving objects regardless of their size and the algorithm is stable to 
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light changing. The current OpenCV 2.4.2 version does not allow to change parameters for 

shadow detection; therefore, the error due to shadows still exist in some circumstances. 

3.3 Object Tracking 

3.3.1 CONTINUOUSLY ADAPTIVE MEAN SHIFT (CAMSHIFT) 

3.3.1.1 Target model and back projection probability 

A target is modeled by its color histogram, which represents the probability that a particular 

color appears in the object area. Let {xi}i=1:n denote the normalized pixel location in the region 

defined as the target model. The function b: R
2
 →u={1,..m} associates a pixel xi to its color bin 

b(xi) in the quantized feature space. The color histogram of the target region is formally defined 

as: 

    ∑          

 

   

                                                           

where δ(.) is the Kronecker delta function.  

Because pixels far from the object’s center often belong to background, they should be less 

important than the pixels near the center. Therefore, an isotropic, convex, monotonic decreasing 

kernel function k(x) = K(||xi||
2
) is used to assign higher weights to pixels closer to the center. The 

probability of the color bin u={1,..,m} is then computed as 

       |     ∑ (||  ||
 
)           

 

   

                                

 

where Pr(u|O) is the probability of a color belonging to the object. C is the normalized constant 

to ensure  ∑      
    

  
 

∑  (||  ||
 
) 

   

                                                                 

      

The back-projection Pr(O|u) is the probability that a pixel belongs to an object given its color u. 

The Bayesian law gives the probability that a pixel belonging to the object as: 

    |   
    |       
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Where Pr(O) and Pr(u) are the prior probability of finding an object and a color in the image 

respectively. Assume that Pr(O) and Pr(u) are uniform distribution, the back-projection is 

assigned as:     |       |  . The back-projection is displayed by a probability map of the 

searching area as shown in Figure 3.10.  

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 

Figure 3.10. Example using mean-shift for object tracking: (a) Input image with objects area 

surrounded by a red box.  (b) Probability map of the current frame based on the object histogram. 

(c) Probability map of the next frame based on the object histogram. (d) Tracking result. 

3.3.1.2 CAMSHIFT algorithm  

The algorithm can be summarized as follows: 

i. Given a normalized weighted histogram of target model {hu}u=1…m .  

ii. For each image frame, initialize the location for the search window I(x,y), and 

compute the following moments: 

     ∑∑      

  

                                                        

     ∑∑       

  

         ∑∑       

  

                             

     ∑∑        

  

      ∑∑        

  

     ∑∑        

  

           

 

where P(x,y) = h(u = I(x,y)) is the back projected probability distribution at the 

position (x,y) within the search window I(x,y). 
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iii. The target object's mean position and dimension for the new search window then can 

be iteratively computed until the Mean-Shift algorithm converges. In order to reduce 

the computation, the object centroid can be estimated as: 

 

   
   

   
     

   

   
                                                         

      

iv. The tracking window’s rotation angle   and its dimension       are updated by: 

  
   

  
 

   
      (

   

   
     )       

   

  
 

   
                           

 

      
 

 
      (

 

   
)                                                    

 

   √      √         

 
    √      √         

 
             

 

3.3.1.3 Experimental result 

Figure 3.11 shows some experiment tracking results using CAMSHIFT  

 

  
(a)  (b)  
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(c)  (d)  

  
(e)  (f)  

  
(g)  (h)  
  

 

Figure 3.11 Experiment using CAMSHIFT. (a) The initial position of the object given by manual 

label and (b) is a tracking result. (c), (e), (g) Back projection probability shows the probabilily 

map of the object position (d), (f), (h) The corresponding tracking results. The green ellipse show 

the position and the orientation of the object. The blue box is the object boundary and the red 

box is the search window where the back projection probability map is computed. 
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The Figure 3.12 shows the experiment for the case that object has a similar color with the 

background 

 

 

  
(a)  (b)  

  
(c)  (d)  

  

(e)  (f)  
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(g)  (h)  

 

Figure 3.12 Experiment using CAMSHIFT to track object which has similar color with the 

background. (a) The initial position of the object given by manual label and (b,d,e,fg,h) is a 

tracking result. (c) Back projection probability show the probabilily map of the object position 

and (d) The tracking results. The green ellipse show the position and the orientation of the object. 

The blue box is the object boundary and the red box is the search window where the back 

projection probability map is computed. 

 

The experiments showed that the CAMSHIFT performs well when the object colors are distinct 

with the background color. The back projection shows sharp with dense probability map. The 

position of the object can be tracked until it is covered by another object. However, when the 

object has color very similar to the background, the CAMSHIFT lost the object easily as it 

expands to cover the entire probability map, as shown in Figure 3.12. 

The implemented code used the camshift function provided by OpenCV. The experiment was 

performed on the computer Core i7 3.2Ghz and the average processing time for a video size of 

240×320 is 1ms and for 480×640 is 6ms. This is the advantage of CAMSHIFT algorithm 

because it can guarantee real time performance. To address the drawback mentioned above, the 

next section will describe tracking method using a local invariant features. 

 

3.3.2 INVARIANT FEATURE TRACKING 

3.3.2.1. Framework 

In this approach, an object is modeled as a combination of many local appearances that are 

invariant to small changes in scale, rotation, view orientation, and illumination. In each frame, 

the keypoints and their local descriptor are extracted. The tracking process is performed by 

matching the new detected features with stored object features, as mention in section (2.3.2) and 

shown in Figure 3.13.  
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Figure 3.13 Flow chart of the tracking method using invariant feature  

 

In the section 2.3.2, the techniques to extract keypoints and feature descriptor were described. In 

this section, a technique to reject false matching is presented. Finally, the experimental results 

and a comparison between feature detectors and feature descriptors based on the experimental 

results are presented. 

3.3.2.2 Feature matching and object location: 

 

The best match between a keypoint from the scene and a keypoint from model is defined by 

the minimum Euclidean distance from the given descriptor vectors. However, many features 

from the scene can arise from background clutter or some features were not detected in the 

model image. Therefore, using a single threshold distance will create many false matching. This 

thesis implements a robust matching procedure to discard outlines as depicted in Figure 3.14. 

The process has three steps: 

 

i. Using ratio test: In order to discard the bad matches, Lowe[41] used a distance ratio 

threshold. Each feature from the scene is matched with two nearest neighbors from the model 

features then the ratio between the distances of the first and the second matches is computed. 

Only the match that has distance ratio less than 0.65 will be accepted. This method will eliminate 

90% of the false matches while discard less than 5% of the correct matches. 

 

ii. Symmetric test:  In this test, two matches are performed:  the object descriptor will be 

matched to the scene descriptors and the scene descriptors will be matched again object 

descriptors. Only the intersection between these matches will be accepted. 

Video source 

Interest point detection 

Feature description 

Feature matching 

Outlier removal 

2D Pose estimation 

Model description 

Update ROI 
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iii. RANdom SAmple Consensus (RANSAC) The algorithm will randomly select 4 points 

to estimate the Homography transform matrix or 8 points to estimate Fundamental transform 

matrix from object points to scene object points. Once the transform matrix is available, the error 

between scene point location and the mapped object’s point location using this transform matrix 

is computed. Any points that have error smaller than a specified threshold are considered inliers, 

otherwise they are outliers. The RANSAC will test over all possible points to find the best 

transform matrix that has the largest number of inliers. In short, this process will try to select the 

largest number of points that agree in a transform matrix. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.14 Procedure to reject outliers for the tracking method using invariant features 

 

 

 

Scene descriptors and object descriptors 
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3.3.2.3 Experimental results  

  
(a)  (b)  

  
(c)  (d)  

  
(e)  (f)  

 

Figure 3.15  Experimental results using SIFT detector and SIFT descriptor to track objects (a) 

Initial position of the object (b) to (f) Tracking results. 
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(a)  (b)  

  
(c)  (d)  

  
(e)  (f)  

 

Figure 3.16 Experimental result using ORB detector and ORB descriptor to track objects. (a) Initial 

position of the object (b) to (f) Tracking results. 

 



71 
 

  
(a)  (b)  

  
(c)  (d)  

  
(e)  (f)  

 

Figure 3.17 Experimental result using SURF detector and BRISK descriptor to track objects. (a) 

Initial position of the object (b) to (f) Tracking results. 
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(a)  (b)  

  
(c)  (d)  

  
(e)  (f)  

 

Figure 3.18 Experimental result using SURF detector and SURF descriptor to track objects. (a) 

Initial position of the object (b) to (f) Tracking results. 
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(a)  (b)  

  
(c)  (d)  

  
(e)  (f)  

 

Figure 3.19 Experimental result using SURF detector and ORB descriptor to track objects. (a) 

Initial position of the object (b) to (f) Tracking results. 
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We use the algorithm to track relatively high speed moving objects, such as vehicles. One 

practical problem is that the object’s scale changes rapidly due to their high velocity, which leads 

to matching feature descriptor failure after several frames. Therefore, the object model which 

includes object’s keypoints and its feature descriptors are updated after each successful tracking 

sample in order to maintain a high number of correct matches. 

The implemented code used feature detector and feature descriptor package provided by 

OpenCV, which are SIFT, SURF, ORB, FAST, BRISK detector and SIFT, SURF, ORB, BRISK, 

FREAK descriptors. For a video with a frame size of 480×640, running on a computer Core i7 

3.2Ghz, the average processing time, which includes detecting keypoints, extracting features and 

rejecting false matching, is reported in Table 3.1  

Table 3.1 Average processing time of different combination between different methods. 

 

Detector\Descriptor SIFT SURF ORB BRISK FREAK 

SIFT 142 ms     

SURF 250 ms 111 ms 90 ms 83 ms Poor result 

ORB Poor result Poor result 27 ms Poor result Poor result 

FAST Poor result Poor result Poor result Poor result Poor result 

BRISK Poor result Poor result Poor result Poor result Poor result 

 

The experimental results on the real situation, as shown from Figure (3.15) to (3.19), points out 

that the combination between the SURF detector and the BRISK descriptors gives the highest 

number of correct matching and is also the second fastest method. For tracking high speed 

objects, the keypoints detector is required to be stable to scale. Hence, only SIFT and SURF 

detectors perform well in this task. However, SURF is faster than SIFT; therefore it is preferred. 

FREAK surprisingly gives really a bad result; this may be due to inappropriate selecting scale 

properties of FREAK.  

3.3.3 COMBINE COLOR TRACKING AND INVARIANT FEATURE TRACKING 

3.3.3.1 Limitations of color tracking method and invariant feature tracking method 

The experiment results from sections 3.2.1.3 and 3.2.2.5 point out some limitations as well as 

some advantages of each individual method. 

 The color tracking method fails to track the object that has a similar color to the 

background.   Furthermore, when two objects which have similar colors are close to each 

other, the color tracking method will get lost easily. However, color tracking method can 

track an object which has a small size or has a uniform color. Moreover, the color 

tracking is simple and computationally efficient to perform in real time. 
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 The feature tracking method, in contrast, requires enough feature points to achieve a 

reliable result. In other words, this method cannot track an object if its size is too small or 

if its color is almost uniform. However, due to the invariant feature properties, the 

method has a much better ability to distinct any similar color objects. The computation is 

more expensive than the color tracking but still can be performed in real time. 

Therefore, this thesis proposes a method to combine the advantages of two mentioned methods 

to get robust tracking result. 

3.3.3.2 Kalman filter 

Kalman filter has been applied widely in tracking and localization in robotics. Specially, Kalman 

filter is an optimal method designed for linear system. Let the dynamic system and 

measurements system defined in a discrete time manner as in (3.30)  

                                                                                       

                                                                                           

Where      is the previous state vector,    is the current state vector,    is the input control 

vector,    is the measured vector.    and    are random vector, representing the model 

uncertainty, assumed to be a random variable with the normal distributions N(0,R) and N(0,Q) 

respectively. 

Given a previous state                  , a current control input   , and a current 

measurement   , the optimal current state                ,  is estimated through the 

prediction step and the correction step as follows: 

 ̅                           

 ̅           
                                                                                                 

     ̅   
     ̅   

     
   

    ̅          ̅           

            ̅                                                               (3.31)  

 

3.3.3.3 Combine color tracking and invariant feature tracking methods using Kalman filter 

Our state vector includes the coordinate (x,y) of the top left corner and two dimension (w,h) of 

the boundary rectangle. To implement the Kalman filter, we need a motion model. Several 

previous works used the simple random walk [93]or second order autoregressive process[94]: 

                                                                              

However, these methods are often insufficient to accurately model the complex motion of the 

object. This thesis proposes a framework depicted in Figure (3.31) 
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Figure 3.31 The frame work to combine feature tracking and color tracking using Kalman filter 

 

The motion model is defined as 

                                                                                

Where    is computed from Feature tracking method, so that: 

 ̅  [

  ̅

  ̅

 ̅ 

  ̅

]  [

    
    
    
    

] [

    

    

    

    

]                                              

From Equ. (3.34), the elements of matrix At can be computed as: 

  
       

    
   

       

    
    

  

    
   

  

    
                                  

The covariance matrix of the noise    is defined as in (3.36) 

       [   ̅    
 ] [

    
    
    
    

]                                                 

Where  [   ̅    
 ] is the Bhattacharyya distance between the model’s color histogram    and 

the target’s color histogram    ̅   defined at  ̅ .  

The measurement    is computed from the CAMSHIFT method and the matrix Ct  is defined as 

an identity matrix. The covariance matrix of the noise    is defined as in Equ. (3.37) 

Feature Tracking CAMSHIFT 

�̅�𝑡 𝑍𝑡 

𝐷[𝑞 �̅�𝑡  𝑞
 ] 𝐷[𝑞 𝑍𝑡  𝑞

 ] 𝑅𝑡 𝑄𝑡 𝐴𝑡 

Kalman Filter 

𝑋𝑡   

𝑋𝑡 
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       [       
 ] [

    
    
    
    

]                                                 

where  [       
 ] is the Bhattacharyya distance between the model’s color histogram    and 

the target’s color histogram       defined at   .   

One implementation issue is that the feature tracking method cannot always find the object. In 

this situation, the motion model is set to be a normal random walk. Another issue already 

mentioned is that feature tracking needs to update its model after several frames because of the 

rapid changes in scale. The experiments show that the model should be updated after 3-5 frames.   

3.3.3.4 Experimental results 

Some experimental results are shown in Figure (3.20) and Figure (3.21). The experiment 

demonstrates that the proposed method is more stable than each of the individual methods. 

Especially, in the case of the object which is small or has similar color with the background, the 

proposed method can still track object with the least error. The report processing time is 83 ms. 

 

 

 

 
(a)  (b)  

  
(c)  (d)  
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(e)  (f)  

  
(g)  (h)  

 

Figure 3.20 Experiment using Kalman filter to track an object which has a large size and a 

similar color with the background. The blue, green and purple rectangles are detected result from 

feature tracker, CAMSHIFT and proposed method respectively 

 

  
(a)  (b)  
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(c)  (d)  

  
(e)  (f)  

  
(g)  (h)  

 

Figure 3.21 Experiment using Kalman filter to track an object which has a small size and a 

similar color with background. The blue, green and purple rectangles are detected result from 

feature tracker, CAMSHIFT and proposed method respectively 
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Chapter IV   

 

Scene Recognition 

 

 

4.1 Introduction 
 

This section introduces some basic concepts and the general framework of pattern recognition, as 

shown in Figure 4.1. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1 Pattern recognition framework and an example of classifying fish types 

 

Definitions: 

 Inputs are the objects that need to be classified. For example, suppose that we need to 

design a system for a fish-packing plant with two kinds of fish: salmon and sea bass. The 

system needs to identify what type of fish for a given sample. 

 Feature extraction is the process of extracting any properties that can distinguish these 

objects. In the example above, the selected features can be fish’s length and lightness. 

 Feature vector and feature space: We can represent the features as a feature vector in a N-

d feature space. In our example, the feature vector is   [     ]
  in a 2-D feature space, 

where x1 is the fish length and x2 is the fish lightness. 

Inputs 

Feature extraction 

Feature vector 

Classifier 

Result 

Need to classify sea bass and salmon 

Feature extraction: length x1 and lightness x2 

Feature vector: x = {x1,x2} 

Classifier 

Result: the given fish is sea bass 
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 Classifier is a function characterized by a decision boundary that separates the data in the 

feature space. The decision boundary can be linear or nonlinear, parametric or 

nonparametric. Figure 4.2 illustrates several possible boundary decisions for the above 

example. 

  
(a) (b) 

 

Figure 4.2 Different types of boundary decisions: (a) Linear (b) Nonlinear  

 

 Decision rule is the rule that assigns a class label for an instance based on the boundary 

decision. A common way to express decision rule is:  

                                                                                

                                                                           

Or in convenience:  

    

  

 
  

                                                                            

 

4.2 Scene recognition using CENTRIST 
 

This work implements the algorithm proposed by Xianglin and Zhengzhi [75], as depicted in 

Figure 4.3. To create a CENTRIST for each portion of an image, a histogram of Census 

Transform image is computed with 256 bins corresponding for values from 0 to 255. Since 

values 0 and 255 represent the situations that the center value is less than or greater than all its 

neighbors respectively, these values are very likely caused by from noise. Their corresponding 

bins 1 and 256 are therefore removed from histogram, and the histogram is normalized again. 

 

4.2.1 Framework 

 

In the training  phase, the algorithm will extract feature vectors from all training images. Since 

the CENTRIST is highly correlated, as explained in section 2.4.3, the Principal Component 
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Analysis (PCA) technique is performed to compress the pyramid CENTRIST into a vector of 

21×80 dimension. The support vector machine (SVM) is used to build the decision boundary. 

 

TRAINING 

 

RECOGNIZE 

 

 

Figure 4.3 Flow chart of training and recognizing scene using CENTRIST algorithm 

 

4.2.2 Principal Component Analysis: 

 

Let   be a vector of training feature descriptor from a dataset   which has N samples, the mean 

vector    and covariance matrix    are relatively defined as: 

 

   
 

 
∑   

 

 
                                                                        

 

   
 

 
∑              

 
 

 
                                                        

 

We can map vector   into a new vector   by a linear transform:      . It is easy to prove that 

the new mean vector    and covariance matrix    are: 

                                                                                    

Input Image 

Build a pyramid with three levels. 

In each level, the image is down-

sampled with ratio r=2 

CENTRIST  

Histogram of CT values 

PCA project 

Build Classifiers: SVM  

Input Image 

Build a pyramid with three levels. 

In each level, the image is down-

sampled with ratio r=2 

CENTRIST 

Histogram of CT values 

PCA project 

SVM classifiers 

Decision  
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Let   be a matrix concatenating the eigenvectors and   be a diagonal matrix containing the 

eigenvalues of the covariance matrix   . It can be proved that if the transform matrix     is 

used, the new covariance    of the set vector y will be: 

 

                                                                               

 

Since    is the diagonal covariance matrix, this means that the elements of y are mutually 

uncorrelated. We therefore can take the most important elements and discard the less important 

elements of the vector in order to reduce the dimension. 

 

In this implementation, we use 1,728 images from the data set [95] for training 7 classes: Coast 

(260 images), Forest (228 images), Inside City (208 images), Mountain (274 images), Open 

Country (310 images), Street (192 images), Tall Building(256 images). Each image has a 

dimension of 256×256. A concatenated histogram of CT values of an upper and a lower image is 

a 508-d vector and its PCA transform is compressed into a 80-d vector. A CENTRIST is a 

concatenation of the 21 compressed vectors from 21 sub-regions in the image. 

 

4.2.3 Support Vector Machines  

 

Support Vector Machines (SVMs) are the popular technique for classification. It was 

originally developed for building an optimal binary (2-classes) classifier and later for clustering 

and regression.  

The decision boundary is defined as the hyper-plane which has a maximal margin 

between it and the nearest feature vectors from both classes. The nearest feature vectors are 

called support vectors (SVs); that is, the positions of other vectors do not influence the decision 

function. Figure 4.4 visualizes the problem in 2D space. 

 

 
 

Figure 4.4 Illustration of support vector machine in 2D feature space 
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Given a training set of feature vectors      and their corresponding labels          , the 

hyper-plane is formally defined by a coefficient vector   that satisfies: 

 

    
                                                                            

 

subject to maximize the margin           , where SVs are the support vectors and P is the 

hyper-plane. A label of a new vector x is predicted as: 

             
  
 
  

                                                                

 

Since the scatter of feature vectors does not often allow building a linear hyper-plane in its own 

space, SVM uses a kernel function to map feature vectors into a higher-dimensional space and 

builds an optimal linear discriminating function. Formally, the data are mapped to a higher 

dimension space by 

 

                                                                                 

 

and then the decision boundary is achieved by learning the map from      to y. 

 

     
                                                                       

 

We introduce two common methods for SVMs techniques and describe the approach for multi-

class classification. 

  

i. C-SVM: [96] 

 

For a given training set of feature vectors              and their labels          , the C-

SVM solves the following primal optimal problem  

 

            
 

 
     ∑   

 
                                                          

 

subject to:  

 

     
                                                                  

 

Since   is possibly a high dimension vector, the C-SVMs usually solve the dual problem: 
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subject to:  

 

                                                                  

 

where   [     ] , Q is N N positive semi-definite matrix          (     ), and 

 (     )       
  (  ) is the kernel function. The optimal hyper-plane is defined as:  

 

   ∑         

 

   

                                                              

 

and the decision function is: 

 

                         (∑           

 

   

  )                       

 

ii. v-SVM: [97] 

 

For a given training set of feature vectors              and their corresponding labels 

         , the v-SVM solves the following primal optimal problem  

 

   
 

  
 

 
       

 

 
∑  

 

   

                                             

 

subject to:  

     
                                                  

 

The dual problem is: 

        
 

 
                                                         

 

subject to: 

{
     

 

 
              

                             ]
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where   [     ] , Q is N N positive semi-definite matrix          (     ), and 

 (     )       
  (  ) is the kernel function. 

 

iii. Multiclass classification 

In order to assign label for multi-class case, the “one-against-one” approach is applied. If k 

is the number of classes, we construct          classifiers and each one is trained from data 

of two classes using the c-SVMs or v-SVMs method mentioned above. 

To predict a label for a feature vector, a voting strategy is used: each binary classifier will 

vote a label for the query data – in the end, the data is designated to be in a class with the 

maximal number of votes. Many research have proved that this approach is simple but 

competitive [98] 

 

4.3  Experiment results 

For testing and building confusion matrix, the classifiers are tested with 100 images for each 

class from dataset [95]. Figure (4.5) shows some pictures from the test dataset and their 

corresponding upper and lower Census transform images:  

 

   

(a)  

   

(b)  
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(c)  

   

(d)  

   

(e)  

   

(f)  
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(g)  
 

Figure 4.5 Examples of Centrist images: From the left to right is the original image from dataset, 

upper Census Transform image and lower Census Transform image. (a) Coast. (b) Forest. (c) 

Inside City. (d) Mountain. (e) Open Country. (f) Street. (g) Tall building. 

 

The experiment result is summarized by confusion matrix in Table 4.1. 

 

Table 4.1 Evaluation of scene recognition using CENTRIST algorithm 

Class Coast Forest Inside 

City 

Mountain Open 

Country 

Street Tall 

Building 

Coast 88 0 1 0 9 0 0 

Forest 0 90 0 10 0 0 0 

Inside 

City 

2 1 80 0 5  9 

Mountain 13 5 0 70 7  1 

Open 

Country 

15 11 4 0 70   

Street 2 2 0 4 0 78 9 

Tall 

Building 

19 3 4 5 0 0 67 

 

The implemented code used the support vector machine and PCA package provided by OpenCV.  

The average true-positive recognition rate based on this experiment is 75.5% and the average 

processing time, measured on the computer Core i7 3.2Ghz is 10 ms for an image.  
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Chapter V   

 

Object Recognition and Detection 

 

 

5.1 Introduction 

This work implements the discriminated parts-based model proposed by Felzenszwalb [90] [91]. 

The method’s overall procedure is similar to that of the HOG approach. The main difference is 

that this method combines several HOG filter and their spatial relationships into a deformable 

parts-based model, and hence requires a new technique for training the classifier, which is called 

the Latent Support Vector Machine (LSVM). 

Since the application is developed for ground robot, we focus on detecting objects on the ground. 

Therefore, a preprocessing step detecting the horizon is applied first. This will segment an image 

into a ground and a sky area. Object detection techniques will then search only in the ground 

area. 

 

5.2  Discriminated Parts-Based Models. 

An object is represented by a mixture of the discriminated parts-based models, in which each 

model captures a different view of the object. Each model component, as illustrated in Figure 

5.1, is a star model defined by: 

 A coarse root filter that approximately covers an entire object.  

 Several part filters cover smaller parts of the object at a higher resolution. 

A model of an object with n-parts is defined by a (n+2) tuples                where: 

 Fo is a root filter. 

 Pi is a model for the i
th

 part which is defined as              .  Fi is a filter for the i
th

 

part. vi is a two-dimension vector specifying an “anchor” position of the part i
th

 relative to 

the root position. d is a 4-d vector specifying the coefficients of a quadratic function 

defining a deformable cost.  

 b is a real valued bias term. 
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(a) (b) (c) 

 

Figure 5.1: Example of discriminated parts based model. (a) An image of a person. (b) A root 

filter that covers the entire person. (c) Part filters covers body parts of the person. Reprinted 

from P. F. Felzenszwalb et al., "Object Detection with Discriminatively Trained Part-Based 

Models," Pattern Analysis and Machine Intelligence, IEEE Transactions on, vol. 32, pp. 1627-

1645, 2010. ©2010 IEEE. 

  

The matching procedure can be summarized as in the Figure 5.2. An object hypothesis specifies 

the location of each filter in the model in a feature pyramid,                where    

           specifies the position and level of the part filter i
th

. The algorithm requires that the 

resolution of at li is twice the resolution of the root filter lo. The response of a hypothesis filter to 

the feature map is then defined as: 

               ∑     

 

   

  ∑  

 

   

                                  

Where the total response of all filters to the feature map: 

∑     

 

   

  ∑          

 

   

 ∑∑   [ ]        [ ]

 

   

 

   

                  

And the total deformable cost of all parts to the feature map: 

∑  

 

   

  ∑              

 

   

                                              

where 

                                 

 The displacement of the i
th

 part relative to its anchor position is defined by the four 

dimension vector:   
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where di is the vector specifying the coefficients of a quadratic function defining a 

deformable cost. The deformable cost for each part is then: 

                       
        

                                  

 

For example, if              then    is just a squared Euclidian distance between its actual 

position and its anchor position relative to the root. 

 
 

Figure 5.2 The matching process for one component of the mixture discriminated parts based 

models. Reprint from Reprinted from P. F. Felzenszwalb et al., "Object Detection with 

Discriminatively Trained Part-Based Models," Pattern Analysis and Machine Intelligence, IEEE 

Transactions on, vol. 32, pp. 1627-1645, 2010. ©2010 IEEE. 
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The total response of a class filter can be expressed as: 

                                                                         

where                           is vector of the model parameters and the         is 

defined as :                                                           .  

 

5.3 Horizon detection 

Detecting the horizon is important for many autonomous navigation applications. We follow the 

same procedure in Dusha [99] to detect potential horizontal lines and then use the criterion 

proposed by Ettinger [100] to select the best candidate.  The procedure to detect the horizon is 

illustrated in Figure 5.3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.3 Flow chart of the horizon detecting algorithm 
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The first step is to smooth three color channels of an image with a relatively large kernel. The 

morphological filters are preferred than low pass filters since they can preserve edge better. A 

circular kernel is used because it will introduce curve around clusters in images, which will be 

reject later by the Hough transform.  

The Sobel edge detection is performed in three channels and all edge images will be masked 

together by the operator AND, to extract strong edges in all channels. Since there are always 

variations between the corresponding edges in separate channels, the edge images are dilated 

with a small kernel before being masked. Masking all edge images together not only selects 

strong edges but also removes false edges due to clouds. An example is shown in Figure 5.4 

 

 

 

 

 

 

(a)  (b)  (c)  

 

Figure 5.4 Illustration of the horizon detection algorithm. (a) The original image (b) The blur 

image after being filtered by a large kernel (c) The masked edge image. 

 

After that, a Hough Transform is performed to find any potential straight lines in the edge image. 

Usually Hough transform will return a number of candidates. In many instance, the strongest 

response will be the horizon. However, there are some cases such that other objects, such as 

building or roads, have stronger edges. This will lead to incorrect detection.  

For ground robots, camera orientation can be assumed to be relatively horizontal. Therefore, any 

straight lines whose angle is too steep can be rejected. Furthermore, to select the best line, we use 

the criterion that a horizon will separate an image into two areas, such that the pixels in each area 

are most similar to each other and different from pixels in another area. In other words, the 

variance of the pixel’s intensities in each area should be minimized. This leads to the cost 

function proposed by Ettinger [100]: 

        ( |  |  |  |)                                                             

where    and    are the covariance matrix defined as: 
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Where   
  is the ground pixel, which stays below the horizon, and   

  is the sky pixel, which 

stays above the horizon.    and    are the number of ground pixels and sky pixels.    and    are 

the mean of the ground area and the sky area, respectively. 

Figure 5.5 shows some examples of detection results. The true positive detection rate is 92% 

over 100 randomly selected images from the data set [95]. The average processing time is 179 

ms and parameters are setup as: images of size 240 × 240, blur kernel of size 41, Sobel threshold 

40, Hough radius resolution 10, Hough angle resolution 4
o
, Hough minimum vote 80. 

 

 

 

 

 

 
   

   
   

Figure 5.5 Experimental results using the horizon detection algorithm 
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5.4 Experimental results 
 

The object detection procedure is described in Figure 5.6 

 

 

 

 

 

 

 

Figure 5.6 Procedure to detect the horizon and objects  

 

Some screenshot of experimental results are shown in Figure (5.7) 
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Figure 5.7 Experimental result of detecting objects from consecutive video frames 
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The implemented code used the discriminated parts based model package provided in OpenCV 

version 2.42 and the report processing time, measured on the computer Core i7 3.2Ghz using 

TBB, is  720 ms for videos of a frames size 240×320.  The successful rates for object detection 

are reported in original paper [90] [91].  For our experiment, the algorithm fails to detect small 

objects, say less than the size of 27×35 pixels, and the false positive rate depends on the setup 

threshold value.  

One advantage of incorporating horizon detection is to reduce false detection due to shape of 

clouds or trees. Also, because the search area is limited to the ground only, the algorithm can 

speed up the search process, when the ground area is small, especially in case of high resolution 

images. If we detect horizon after every 10 frames, the average processing time for object 

detection reduces to 420 ms. 
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Chapter VI   

 

Conclusions and Future Work 

 

6.1 Summary 

This thesis has made a literature review on the state-of-the-art methods for motion detection, 

motion tracking, scene recognition and object detection and recognition. For motion detection, 

two primary methods and their improvements were examined: the background subtraction using 

mixture kernels method and optical flow method. The motion tracking approaches focus on using 

the global property, which is color histogram, and local properties, which are feature descriptors 

surrounding invariant keypoints. The newest methods studied in this thesis includes: SIFT, 

SURF, FAST, CenSurE, ORB, BRISK for feature detectors and SIFT, SURF, GLOH, BRIEF, 

ORB, BRISK, FREAK for feature descriptors. Regarding scene recognition, three primary 

methods were explored: GIST, Bag of Visual Word and CENTRIST. Finally, in object detection 

and recognition, three methods to model the shape of objects are mentioned: Boosted Cascade of 

Haar Wavelet transform feature, Histogram of Gradient descriptor, and deformable parts- based 

models.  

The thesis has adopted and combined several successful methods to build a feature identification 

and tracking system for an autonomous ground vehicle, which can be summarized as follows: 

1. Combine the background subtraction method with the optical flow method to segment 

the moving objects and point out the object’s moving directions for stationary camera. 

 

2. Combine the feature tracking method and the color tracking method using Kalman filter 

so that the tracking process becomes more robust. The proposed method not only can 

track the object, which has similar color with background, but also can track objects 

with relatively small size. They are typical situations in which each individual method 

often fails. 

 

3. Successfully implement scene recognition using CENTRIST method for a total of 7 

scenes that autonomous vehicles often encounter: coast, forest, inside city, mountain, 

open country, street and tall building. The software provides an interface so that user can 

easily extend the number of categories by adding more training samples. 
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4. Successfully implement part based model to detect objects. To improve the reliability 

and speed of the algorithm, this thesis processes a horizon detection step before the 

object detection step. Consequently, the object detector searches in the area below the 

horizon only. This simple improvement can reduce the false detections due to the shape 

of clouds and reduce the processing time.    

 

6.2 Future Work 
 

Areas of future work to improve the performance of the visual perception system proposed in 

this thesis can be: 

 

 Because this thesis only addressed the motion detection for stationary camera, this limits 

the application for autonomous vehicles. Therefore, motion detection with moving 

camera is still an open area. 

 

 For motion tracking, although the proposed method improves the robustness of tracking 

results, its speed is relatively slow when comparing with other methods. For tracking 

only one object, the proposed tracking method can still satisfy the real time requirement. 

However, it cannot perform in real time when tracking several objects at the same time. 

Therefore, implementation on GPU or FPGA is the key to significantly reduce the 

processing time. 

 

 For scene recognition, the CENTRIST using global features can be combined with Bag of 

Word using local features to improve reliability. Furthermore, since the scene cannot 

change rapidly, (i.e from coast to forest, and to city in several frames), a stochastic 

processes can be applied to reject false detections. 

 

 Finally, the object detection using part based model requires an expensive computation. 

This can be reduced using a cascade model to reject false candidates at several first 

iterations. Furthermore, GPU and FPGA can further accelerate the process.  
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