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ABSTRACT 

Ensuring high level security in a public place would be the prime importance in everyone’s 

life and it would be critical and challenging in the area for computer vision. Another 

crucial and important task in the era of the computer vision and surveillance system is to 

provide high level of vigilant traffic monitoring, vehicle navigation and most demanding 

autonomous driving assistance system. Object detection and tracking are significant and 

essential task in surveillance application. Visual surveillance also has been a choice of 

researchers because their importance is growing tremendously in last few years in military 

applications, law enforcement, 3D- robotic perception & Navigation and Crowd Analysis. 

The objective of the proposed work is to ensure high level of security in public places 

using static Pan Tilt Zoom (PTZ) camera and to develop robust 2D and monocular 3D 

object detection and tracking algorithm.  

 

This thesis explores the different background subtraction approaches, foreground 

segmentation and object tracking approaches wherein the proposed algorithm considers the 

multimodal background subtraction approach that can handle dynamic background and 

different constraints. Proposed algorithm is able to detect and track 2D & 3D objects in 

monocular sequences for both indoor and outdoor surveillance environment and at the 

same time it is also able to work satisfactory in dynamic background and challenging 

constraints. In addition, proposed algorithm makes use of the parameter optimization and 

adaptive threshold techniques as intrinsic improvements of the Gaussian Mixture Model.  

 

The comparative performance evaluation shows that there are significant decreases in false 

negatives. Another modification is done in pre and post processing part namely Extrinsic 

Improvements in the Gaussian Mixture Model that is used to enhance the performance 

evaluation and due to the same the proposed method is proved to be better in comparison 

of other similar approaches. The proposed system is also able to handle partial occlusion 

during object detection and tracking. All the presented work and evaluations were carried 

out in offline processing with the computation done by a single laptop computer with 

MATLAB
®
 2013 a serving as software environment. 
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CHAPTER 1 

Introduction 

1.1      Introduction 

Visual Monitoring System is the most research topic in Today’s era. Visual observation in 

computer vision helps to analyze object’s activities easily. Today’s era of computer vision 

will completely remove traditional human operated Video Surveillance System. A major 

part of smart video surveillance system is characterized by perception, the robustness of a 

Smart Video Surveillance System (SVSS) is not only to sense the environment but also to 

interpret and act intelligently. Advancement in perception will lead to applications for 

defense and automated driving assistance. Nowadays researchers are working on object 

detection, object tracking, crowd analysis, pedestrian and vehicle identification to improve 

the security at the public places.  

 

T.Reeve [2] and Rajiv Shah [3] have beautifully surveyed the penetration and importance 

of the surveillance system in United Kingdom and United States. They have reviewed that 

the large amount of surveillance data monitoring was done by human operators over a 

longer time and yet it doesn’t yields vigilant monitoring. Modern researchers are putting 

more concentration on real time processing of visual observations because of the 

tremendous growth of computers and low cost high resolution cameras. Over more than a 

decade researchers focus their intention not only to object detection and object tracking for 

smart surveillance system but also on a real time processing multiple cameras and even on 

more recent developments, they focus on 3D object detection and tracking. For 3D object 

detection and tracking people are using different approaches for the depth calculation. 

Some of the methods are using stereovision for the depth calculation using the disparity 

while some are using Monocular clues for 3D detection. There is clear tradeoff among two 

approaches of computational v/s depth precision. Some of the current methods completely 

estimate 6D pose of the object.  
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FIGURE 1.1 Simplified Block Diagram of Video Surveillance System 

 

Figure 1.1 shows the primitive operations of the video surveillance system. The automated 

surveillance system requires different components. The incoming video sequences may be 

with or without the background so, it is necessary to generate background with the help of 

the subsequent frames or by means of the frame analysis. Primitive operation 

preprocessing is required to remove the dataset noises and outliers. One of the important 

component of every surveillance system is to establish the background model which is 

appropriate for every video sequences. The robustness of background modeling gives 

accurate foreground detection.  Finally, tracking can be achieved with the help of the 

tracker. 

 

A typical visual surveillance system consists with the help of static Pan-Tilt-Zoom (PTZ) 

video cameras and it will transmit video sequences to a central surveillance room or stores 

in a surveillance monitoring server. Such video sequences are being observed carefully by 
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human operators. If monotonous monitoring activity of an operator might miss some 

important incidences at that particular time then such loss in lapses during monitoring 

activities becomes challenging.  

   

FIGURE 1.2 Example of an Indoor Surveillance System 

   

FIGURE 1.3 Example of an Outdoor Surveillance System 

Any smart surveillance system must be able to perceive and identify the new scene because 

a human operator is not able to change algorithm parameters every time. The system can 

operate in different environmental conditions like sudden changes in illumination, clutter 

background, occlusions etc. with minimum error. Such system is called robust video 

surveillance system.  

 

Single camera surveillance system is suffered by many issues like occlusions, different 

silhouette of still and moving object shadows, weather effects, dynamic background scene 

etc. Though the single camera is suffered with all such constraints, still it is preferable to 

some extent because of its limited capability and its affordable price.  To handle all such 

constraints use of multi camera system is preferable instead of single camera for 

surveillance system. Even 3D detection and tracking can be achieved by means of the 

single or multiview monocular video sequences. The depth maps can be generated by 

means of the stereoscopic or monocular clues. 
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FIGURE 1.4 Example of monocular 3D Tracking 

Such a multiple camera systems are also suffered with false negative because of 

information loss that takes place at the time of conversions from RGB video sequences to 

Gray sequences. When foreground and backgrounds have nearest gray levels, different 

dark colors are converted to gray levels which leads to decrease in detection and tracking 

accuracies.  

1.2      Motivation 

Situation alertness is the key to security. There are basically three kinds of work that a 

security analysts needs to “See, Check and Track”. They have to identify the people and 

vehicle in space, locate the people and what kind of activity they do in space. They also 

uses chronological context so as to understand the statistics taken from the above 

knowledge. 

Enhancing and ensuring a fair level of security across multiple scales of time and space in 

public places such as airports, railway station and at other places becomes extremely 

multifarious challenge for smart video surveillance system and it also enhances situational 

consciousness. There are multiple security challenges like screening system, database 

system, biometric system and video surveillance system for object tracking and verifying 

identity and also to monitor activities respectively. 

Today video surveillance system focusing on compression for the purpose of storing and 

transmitting performs as either analog or digital video recorders. 

 

Locating, identifying and learning the object behavior in video sequence requires three 

main steps. 
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 Detecting the objects – foregrounds that are in motion. 

 Detected objects to be tracked in consecutive frames. 

 Object behavior recognition.  

 

Smart video surveillance system queries fast and robust algorithm for estimating 

background, motion segmentation, object tracking and scene analysis and it also assist 

operator for important scene events. Smart and intelligent video surveillance is the most 

researched topic for the last decade because more importance is given to security and 

military applications [4]. 

Moving object detection is the primitive operation for scene analysis. For accurate object 

tracking one must be able to detect foreground precisely in every frame under different 

conditions. Object should be detected as soon as it appears in the frame. In some cases 

where the exact background cannot be achieved in the earlier stages, the algorithm requires 

additional frames to create background or extract the background information under non 

stationary background and in such cases, we may lose the tracking accuracy for those 

frames.  The robustness of every tracking algorithm depends on the successful detection of 

foreground. Some of the popular object detection techniques are background subtraction, 

frame difference and optical flow. 

Frame difference algorithm detect object by evaluating consecutive frames, it gives less 

computational time but it cannot adopt dynamic background. Background subtraction can 

be implemented using simply subtracting out background frames from every frame and it 

also is not able to handle dynamic backgrounds. Optical flow is an alternative approach to 

deal with the different background constraints but such a technique requires more 

computational time as compared to that of other approaches. In some surveillance situation 

both the camera and foreground are moving, optical flow is the best approach to handle 

such situations and also to handle dynamicity of the background. Instead of the traditional 

background estimation approaches, statistical background approaches such as Gaussian 

Mixture Model gives more robustness and can also handle different backgrounds.  

Frame Analysis/

 Prep processing
Post Processing

Frame Differencing/ 

 Background 

Subtraction/ 

Optical Flow

Input 

Images 

from Video 

Sequences

Fore Ground 

Detection

 

FIGURE 1.5 Simple Background Estimation Approach 
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Robust and accurate tracking of non-rigid, complex, fast moving objects being a major 

challenges now a days. Object tracking is a vital task in surveillance system. It is also 

applicable in video editing, augmented reality, traffic monitoring and control, gesture and 

posture recognition etc. The challenging task is to track object in different conditions like 

illumination variations, dynamic background, complex object silhouette and occlusions. A 

robust tracking must predict the positions of the object whether it is being occluded or not 

and ensuring its position and makes sure that it will not lost it completely. Multiple views 

and cameras can handle such conditions. One of the major motivation for tracking is the 

ball tracking systems ‘Hawk – eye’ [133]. It uses object tracking techniques to track ball in 

cricket as well as in tennis sport [134] and proposed two different tracking approaches 

named, top-down and bottom-up. Bottom up approach is generally focused on typical 

application like data mining, gesture recognition and sports events. While top-down is 

generally used for the surveillance purposes. In the first world country, smart and real time 

surveillance system uses top-down approach. Top-down approach consists foreground 

segmentation, motion detection and object tracking. 

  

Tracked ObjectObject Detection
Foreground 

Segmentation

Input Video 

Sequence

Tracking in 

Video 

Sequence

 

FIGURE 1.6 Simple Object Tracking Approach 

   

FIGURE 1.7 Low Frame Rate Video Sequences – Consecutive Frames 

Figure 1.7 shows Low Frame Rate video sequences. It would be very challenging for every 

video surveillance system to segment the moving foregrounds and track the moving 

objects. It indicates that a video sequence is challenging and gives ample amount of 

motivation to every researchers.    
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Tracking algorithm should also be robust in terms of not only handle the constraints but 

also to operate on both the environment such as indoor and outdoor. Template matching, 

mean shift, motion estimation, kalman filtering, particle filtering, silhouette tracking are 

some of the popular tracking approaches available for object tracking.  

1.3      Objective 

This research work aims to develop robust background modeling for the foreground 

detection in both the indoor and outdoor environment. The main objective of the thesis is 

to develop an algorithm which can detect and track 2D and Monocular 3D information in 

visual surveillance system using probabilistic statistical approach. Also to ensure high level 

of security in public places using static (PTZ) camera, robust detection and tracking 

algorithm for video sequences easily adopt background changes. 

 

The aim of this work is to improve the performance evaluation of the detection and 

tracking system under different challenges. The proposed system provides possible 

intrinsic and extrinsic improvements to the challenges as mentioned below. 

 

 Intrinsic Improvements: Motion segmentation 

 To select model parameters appropriately using parameter optimization 

algorithm. 

 To develop a robust foreground detection algorithm through adaptive 

thresholding for motion segmentation. 

 

Extrinsic Improvements: Performance evaluation  

 To improve Performance evaluation parameter using post processing 

technique. 

 To remove Dataset noise by preprocessing technique.  

 

Moreover, the proposed work also targets a few additional constraints as follows,  

 

 Performance under different backgrounds. 

 Handling varying lighting conditions such as bright, dark, low and high contrast. 

 Invariance to camera perspective. 
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 Handling process and data noise. 

 Working on various resolutions and video sequences with different framer rates. 

 Handling partial occlusion and it is able to detect and track near field, mid field and 

far field objects. 

 Detecting and tracking objects with similar appearance, different height and with 

the different motion. 

 Detecting and tracking 3D multiple objects in monocular video sequences. 

 Handling crowded scenes. 

1.4      Contribution 

This thesis proposed a unifying approach for 2D and monocular 3D object detection and 

tracking. Proposed approach integrates different modules like Modified Gaussian Mixture 

Model, Adaptive thresholding for the motion segmentation and Kalman filtering for both 

the indoor and outdoor surveillance systems. Proposed approach is unique and simpler in 

reference to other state-of-the art approaches. It is capable of handling different 

background dynamics and constraints. Robustness in terms of handling the different 

constraints is the major goal and achievement of proposed work. 

This research work provides four-fold contribution.  

 

(i) Intrinsic Improvement – Parameter Optimization algorithm 

Intrinsic Improvements in the Gaussian Mixture Model which concern the modification 

made in Gaussian Model parameter initialization and parameter maintenance during 

execution at every new pixel or frame level and also at the foreground detection (motion 

segmentation) level. The appropriate selection of mixture parameter is indeed an impact on 

the performance of the overall surveillance system, as the same algorithm is applicable for 

both indoor and outdoor surveillance system. Literature survey shows that usually, the 

model parameters are predefined or initialized by some algorithms like k-means cluster 

algorithm, EM or MLE approach etc. In proposed algorithm, model parameters can be 

initialized by parameter optimization algorithm for the every video sequences. This 

Proposed algorithm is evaluated with the standard video datasets and compared with the 

other similar approaches and the significant improvements are obtained as outcome. 
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(ii) Intrinsic Improvement – Foreground Detection (Motion Segmentation) 

Foreground detection plays a vital role in surveillance system. Background model is 

sensitive enough to segment every moving object. Literature survey provides different 

Intensity, Region, Texture, Edge or Motion based segmentation approaches. Static 

threshold provides poor foreground detection and may lead to increases either false 

positive or false negative. In proposed approach foreground detection is achieved by means 

of Adaptive Thresholding instead of static thresholding. The proposed approach is 

evaluated with the standard dataset and resultant foreground mask is compared with the 

ground truth and other similar approaches. The observation is that most of the false 

negatives generated by the traditional pixel and region based methods are removed by the 

intrinsic improvements. 

 

(iii) Extrinsic Improvement – Pre processing  

Extrinsic Improvements emphasizes purely on improving the performance of the model 

and hence it also tends to improve the results. The image and dataset noises are removed 

by using the preprocessing. The proposed algorithm used Adaptive Local Noise Reduction 

Filter as a pre-processing method to remove dataset noises.  

 

(iv) Extrinsic Improvements – Post processing 

Post processing is again an external tool to perform the evaluation. In proposed algorithm 

Morphological Closing (dilation followed by erosion) is being used as a post-processing 

method for the sake of reducing the noise and outliers in the datasets. As a result most of 

the false positives generated by the traditional approaches are removed. 

 

So far as performance evaluation is concerned, the proposed method shows significant 

improvements in well known and widely used parameters such as similarity measures, 

objects detection and tracking accuracy, Recall and Precision as compared to other similar 

pixel based parametric, nonparametric and region based background subtraction 

counterparts. 
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1.5      Thesis Organization 

The problem in indoor and outdoor surveillance is investigated in the subsequent chapters 

and that is able to detect and track objects in both the environments and handle dynamic 

backgrounds and partial occlusion. 

 

The chapters are structured as follows. 

Chapter 2: Literature Review 

 Provides brief and general literature survey on background model estimation, 

various parameter initialization algorithms, various background modeling methods, 

motion segmentation approaches and detailed investigation of object tracking 

approaches. 

Chapter 3: Background Modeling 

 Proposed Background model and necessary derivations related to probabilistic 

model for both the indoor and outdoor environment. 

 Proposed Parameters Initialization algorithm and maintenance techniques. 

 Pre and post processing techniques for performance enhancement. 

 Foreground detection using adaptive thresholding. 

 3D monocular object detection. 

Chapter 4: Object Tracking: Kalman Filtering 

 Object Tracking concept and various approaches. 

 Kalman filter mathematical expression and discussion. 

 3D monocular object tracking. 

Chapter 5: Results and Discussion 

 Object detection and tracking analysis. 

 Comparison of performance evaluation for the other similar approaches with 

standard datasets. 

 3D Monocular object detection and tracking. 

 Comparison of performance evaluation for 3D monocular object detection and 

tracking with the other similar approaches using standard datasets. 

 Comparison of 2D and 3D approaches for the monocular scenes. 

 Performance evaluation of the proposed approach is evaluated using various other 

metrics. 
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Chapter 6: Conclusion and Future Work 

 Provides summary of the proposed approach with the comparative results and 

provides certain suggestions on supplementary investigation on proposed subject 

and area. 
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FIGURE 1.8 Thesis Organization - Original Contribution made towards Thesis 
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CHAPTER 2 

Literature Review 

2.1      Introduction 

In an ideal video surveillance system, background is expected to be static in every frame 

and foreground or moving object is expected to be moving in each frame. In real time 

analysis and monitoring system, background is changing over time, generally for the 

outdoor scenes. Sometimes it may also happen in a surveillance system that foreground 

objects may also become stationary for longer duration i.e. car, person. In recent times, 

monitoring foreground objects such as vehicle, people have a wide application such as 

vehicle navigation, traffic monitoring, automated driving assistance, and crowd analysis 

and interactions among strangers and so on. Literature shows the general outline and 

different component and approaches of the surveillance system for object detection and 

tracking achieved under different dynamic environments.  

 

Video surveillance and monitoring (VSAM) [4] in United States (U.S.) government funded 

system is used to detect and track moving vehicles, pedestrian. It also detects activities and 

interactions among objects. The KNIGHT system is proposed by shah et al.[16]. It is real 

time automatic surveillance for object detection, classification, tracking and analyze the 

object behaviors using single and multiple camera systems.  

 

Y.tian et al [17] proposed the IBM smart surveillance system (S3) to detect and track 

moving object especially in monitored area. Some of commercially available surveillance 

systems are vistascape (Siemens), Acuity, Avocado, AxonX, Axis, ioimage, Mate, etc. 

available for the object identification and also to monitor the activities been carried out in a 

space. Section 2.2 – 2.5 includes reviews of methods for 2D objects and section 2.6 

includes that for 3D objects.  
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2.2    Gaussian Mixture Model Based Background Modeling and its 

improvements 

Stauffer et al.[1] proposed a popular background modeling - Gaussian Mixture Model 

(GMM) approach. They have proposed a multivariate background model using Gaussian 

Mixture Model (GMM) for each Pixel. They compared each Pixel of frames to the 

Gaussian Mixture Model (GMM) for determining foreground and background component. 

This approach gives robust detection against illumination variations, clutter background 

and moving background such as tree breeze, water twinkling etc. It gets fails against 

sudden changes in illumination. The traditional GMM approval has taken more 

computational time. 

Bowden et al. [18] proposed the system within overcomes the demerits of Stauffer et al. [1] 

of slow learning rate. The authors have explained that improvement in learning rate will 

converge faster to stable background. They have also proposed a system to deal with 

shadows. Wang et al. [19] proposed an additional approach for shadow removal and 

background updation. Harville [20] proposed a system which performed foreground 

segmentation based on depth and color features. They have use traditional MoG approach 

for foreground detection. Again an algorithm is suffered within slower learning rate so, it is 

not able to respond immediately to illumination change. 

One of the major changes in surveillance system is to clearly identify the foreground and 

background in every frame. All the previous approaches are suffered with the learning rate 

issues. In a video sequence foreground or moving objects is not a part of background but if 

foreground objects stops still then it becomes identified as a foreground object but if the 

same foreground object becomes still for longer duration then it will be incorporated into 

background. Gaussian Mixture model is updated at every new pixel/frame with the help of 

learning parameters. The slow learning rate will not completely destroy the existing 

background model but it will update the background model and incorporates still moving 

objects. The trade off of slower learning rate is that it will not be able to handle sudden 

changes in light conditions. Hence for the outdoor surveillance where a light condition 

becomes the highest constraint such an approach would not be applicable. 

To overcome such problem Harville [21] has proposed an approach which is an extension 

of Gaussian Mixture Model. Authors allow certain high level feedback to adopt faster 

changes in background. For the almost stationary objects weight of the mixture remains 
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low so, the weight will be updated and object can still be correctly identified as a 

foreground. Wren et al [14] proposed Gaussian background modeling. Every background 

pixel of a scene can be estimated as a Gaussian distribution, where background color and 

covariance matrix can be defined as mean and covariance. Mahalanobis distance can be 

uses to identify the distance metric. 

Cheng et.al.[22] proposed probabilistic Mixture of Gaussian (MoG) Background model. 

They have recursively estimated the MoG parameters and obtained number of Gaussians. 

They have proposed Expectation – Maximization (EM) algorithm for the parameter 

initialization and for the maintenance. Proposed algorithm is able to detect foreground 

object under critical light conditions. Shimada et al. [23] proposed Mixture of Gaussian 

(MoG) approach handles dynamic environment and no. of Gaussian changes automatically 

for each pixel. As pixel values changes, no. of Gaussian increases and when pixel values 

are constant, Gaussians are eliminated or incorporated. The Mixture of Gaussian (MoG) 

parameters can be maintained by IIR filters. 

Tan et al. [24] proposed Gaussian Mixture Model (GMM) algorithm in which no of 

Gaussian can be estimated at each pixel. Model parameters are initialized by online 

Expectation – Maximization (EM) algorithm and maintain by IIR filtering to make it 

adaptive. Carminati et al.[25] proposed an GMM algorithm in which no. of Gaussian can 

be optimally estimated using ISODATA algorithm. Proposed approach gives limited 

adaption as it is restricted by the training period. Pavlidis et al. [26] proposed unique 

Gaussian Mixture Model (GMM) approach to adopt Expectation – Maximization (EM) 

algorithm for initialization. Such an algorithm provides faster learning and stability to 

Gaussian Mixture Model (GMM) algorithm for accurate foreground detection. This 

approach is computationally costlier than others.  

Lee [27] proposed on approximately EM algorithm as a parameters initialization. It can 

avoid unnecessary storage and computations. Zhang et al. [28] proposed novel approach 

for Gaussian Mixture Model (GMM) parameters initialization. They have proposed 

background reconstruction algorithm to initialize Mixture of Gaussian (MoG) in the 

presence of moving objects in the frame. Aminatoosi et al. [29] proposed robust Gaussian 

Mixture Model (GMM) algorithm by adopting QR decomposing algorithm. Such 

algorithm robustly handles occlusions. Morellaset et al. [30] proposed intrinsic 

improvements in Mixture of Gaussian (MoG). They have suggested an algorithm for the 
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model parameters initializations. Proposed approach handles dynamic and clutter 

background. White and shah [31] explained the better utilization and importance of 

learning rate for the parameter maintenance. 

Javed et al. [32] proposed a system to overcome the problem of slow learning rate. They 

have used gradient information for Mixture of Gaussian (MoG) to overcome illumination 

changes. In a sudden illumination change color of the background may change but it will 

not affect gradient of background. So we can easily calculate various Gaussians that are 

present in possible gradient distributions of each pixel. If the computed gradient is matched 

with one of the distributions then the pixel becomes the background pixel. 

Zang et al.[33] proposed a Gaussian Mixture Model (GMM) called pixel map. They have 

combined Mixture of Gaussian (MoG) with segmentation approach. They have proposed 

region and frame level approach for the noise reduction and elimination of holes. Butler et 

al. [34] developed an algorithm for background segmentation. They have used a pixel 

which is modeled in a form of cluster and again it consists with color, centroid and weight. 

This cluster based adaptive background segmentation approach takes more computational 

cost.  

Zivkovic et al.[8] presented a novel approach of adaptive Gaussian Mixture Model 

(AGMM) technique to adopt the scene repeatedly. In contrast to traditional Gaussian 

Mixture Model (GMM), proposed algorithm adaptively chooses the no. of distributions of 

Gaussian Mixture Model (GMM). Proposed algorithm is able to handle multimodal 

background and dynamic environments. Lee [35] has beautifully explained the importance 

of the learning rate. The new adaptive learning rate is required to improve the convergence 

rate without affecting the stability of Gaussian Mixture Model (GMM).  

Landabaso et al. [36] proposed an approach for the improvements made in foreground 

detection. Robust foreground detection can be achieved by using Pixel Persistence Map 

(PPM) instead of simple intensity based approach. Schindler et al. [37] explained 

beautifully that the efficiency and robustness of the Gaussian Mixture Model (GMM) 

algorithm can also be achieved by extrinsic improvements. They have suggested a well 

known Markov Random Fields (MRF) approach as a post processing to improve 

efficiency. 
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2.3      Pixel Based Background Modeling 

Pixel based background modeling depends on histogram statistics or on other probabilistic 

approaches. We can also easily determine the pixels belonging to foreground or 

background.  

Ma et al. [39] have proposed a robust crowd analysis approach. They have evaluated a 

lines relationship between the foreground pixels and persons. For the complete isolation 

among moving objects, foreground pixels becomes equal to the moving object. Chan et al. 

[40] proposed a texture, edge like geometric feature to estimate pedestrian counts. 

Proposed algorithm segments moving objects on the basic of texture motion models, which 

is dynamic in nature. 

Liu et al. [41] proposed a traditional frame difference algorithm for moving object 

detection. Such an algorithm cannot handle non stationary background, occlusion and 

dynamic environment. Lipton et al. [42] proposed novel pixel wise frame difference 

approach. Proposed algorithm is able to handle dynamic scene but fails to extract all 

foreground pixels. The binary mask generated by the algorithm is suffered with holes. 

Collins et al. [43] proposed a novel hybrid frame difference approach to handle dynamic 

scene. Instead of two frames, they have three frames differentiating with adaptive 

probabilistic background subtraction for their video surveillance and monitoring research 

work. 

J.cezar et al.  [44] Proposed novelty in shadow detection by estimating background models 

in gray scale video sequence. Median filter is required to differentiate moving and static 

pixels. Static pixels are playing a vital role in estimating background and it is also 

responsible for removing the shadow from foreground pixels. Horitaoglu et al.[45] 

proposed a w
4
 system to adopt noise locally. Proposed approach works on color model and 

using frame difference Min Max method.  

Kim et al. [6,38] proposed a codebook method that uses a clustering/quantization technique 

to estimate multimodal backgrounds. Codebook approach keeps records of several code 

words for every pixel. It is a kind of non-parametric pixel model where every codeword’s 

are a series of key color values. Authors have proposed cache book like codeword’s used 

to reduce false negatives and positives as compared to other traditional parametric 

approaches.  Codebook approach can handle or retain background motion for a longer 
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period.  Proposed approach is able to detect moving object in presence of illumination 

change but it cannot handle moving object with similar appearance. 

Oliver et al. [46] proposed Eigen background used to model each background pixel. It is a 

kind of pixel based on parametric modeling technique, a Eigen background model provides 

robustness to the probability distribution function. The proposed algorithm robustly detect 

foreground object of the small silhouette and it also removes outliers of foreground objects. 

The updation of the background model is computationally intrusive to perform.  

Xu et al. [47] proposed improvements in Eigen background model. They have proposed on 

recursive error compensation approach to diminish the influence of foreground object on 

the Eigen background model for the background subtraction. Another possible suggested 

improvement is to adopt adaptive threshold. The combined improvements gives robustness 

to the algorithm in presence of foreground objects (silhouette). 

2.4      Region Based Background Modeling 

In region based background modeling method, a pixel cannot be considered as a part of an 

object or its intensity values. Pixels are measured on the basis of their connectivity with 

their neighbors of the same region. 

Elgammal et al.[5] introduced kernel density to use pixel intensity values for the 

background estimation. Proposed approach is non-parametric method because of 

introducing kernel function. Proposed approach can handle multimodal backgrounds. It can 

also adopt fast illumination changes compared to that of other parametric approaches and 

also the algorithm requires large memory. 

Russell etal. [48] proposed a unique block matching region based approach to discriminate 

foreground object from the background. Authors have compared image region of new 

frame with the existing fixed size database of background.  Proposed approach can able to 

handle outdoor dynamic backgrounds. Eng et.al [49] detects foreground objects by using 

random homogeneous region movements and preprocessing of image regions in CIElab 

color space. 

Heikkila et al. [50] proposed a background model on the bases of discriminative texture 

feature called Local Binary Pattern (LBP). They have developed LBP histogram for 

overlapping regions of background and it continuously compares it with every incoming 
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frame regions. Seki et al [51] proposed region based background models on the basis of co-

occurrence of image variations in background. Liu et.al [52] proposed unique foreground 

detection approach which detects foreground under illumination variations using binary 

descriptor based background model. 

Improvements in region based Kernel Density Estimator: 

The multimodality of the Kernel Density Estimator (KDE) detects multimodal scenes/ 

backgrounds especially in the fast illumination changes (Tree waving, Water twinkling 

etc.). The major drawback of KDE is that it requires N frames memory to train the 

background model. 

Travakkoli  et al. [53] tanaka et al. [54] have proposed probable improvements that could 

be made in KDE to deal with the time /memory constraints. They [53] proposed an 

intrinsic improvement for changing the kernel function and also proposed selective 

background maintenance schedule to reduce computational time. They [54] also proposed 

approach to decrease the sample by selecting/determining the proper size of the frame 

buffers. Mao et al. [55] proposed a selective diversity sampling background maintenance 

approach to reduce computational time so, computation time constraint of KDE algorithm 

can be managed by maintaining background using recursive or selective methods. Further 

improvement in region based KDE algorithm is made possible by improving foreground 

detection approach. Ianasi et al. [56] have proposed improvements that occur in 

background model by using constant kernel bandwidth and they have proposed a unique 

dissimilarity measure for the foreground detection.  Some authors have proposed probable 

improvement in extrinsic model parameters to handle constraints and also proposed 

enhancement/ improvements that occur in foreground detection. 

2.5      Hybrid Background Modeling 

Hybrid method combines two different methods i.e. pixel based and region based methods. 

Generally, pixel based background modeling provides better representation and region 

based approach handles dynamic background so, hybrid model can ably detect and handle 

dynamic scenes and illumination changes. 

Pathwardhan et.al [57] proposed a novel approach for motion detection. They have used to 

locate the layers within a scene. Generally the same colors values are accommodated in 
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each layer. At the time of frame processing based on the likelihood estimation, each can be 

compared to previous frames. An algorithm continuously compares the pixels with the 

layers. If the pixel does not match with the background layer then consider it as a part of 

foreground layer. It also maintains the existing layer and to create new layer. Likewise 

Stauffer et al. [1] if the moving object remains still for a longer duration then the 

foreground layer is added to its background layer and suppose the same still object starts 

moving once again then it’s background layer is removed and will update the foreground 

layer. 

Abdelkader al. [58] have proposed unique approach for robust motion detection by 

thresholding and background subtraction methods. It recursively modifies each frame with 

mean and variance of pixel. Proposed approach doesn’t require training period to develop 

background model. Grabner et al. [59] proposed a novel approach for background 

subtraction and they have also given online adaboost method. The input sequences are 

divided into rectangles and a boosted classifier. Such a system gives good results in low 

illumination scenes. Proposed algorithm performs offline detection and tracking. 

Toyama et al. [60] proposed background estimation by applying the linear predictive 

filters. K pixel samples will predict the respective background. Generally wiener filtering 

would be the suggested approach for such an environment. After a match test if the 

predicted value of the pixel is beyond certain threshold value then it can be treated as a 

foreground. Koller et al. [61] presented a unifying silhouette based approach for the 

vehicle tracking. The object silhouette is obtained from gradient image and motion makes 

to develop adaptive background model to locate vehicles on the road. 

Marana et al.[62] explained beautifully that how to represent crowd density levels. They 

have represented coarse and fine textures to represent low and moderate density crowd. 

Wang et al [63] proposed a pixel based non parametric statistical approach to estimate 

background. Proposed approach keeps records of previous observations of each pixel, 

classification of new pixel significance as a background and also calculates match points. 

Algorithm handle pixel and blob level strategies to handle entire object. 

Maddalena et.al [64] proposed an artificial neural network based on Self Organizing 

Background Subtraction method (SOBS) method for multi model background modeling. 

Proposed algorithm can also handle gradual illumination, dynamic background and 

camouflage in various static video sequences. 
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Barnich aet.al [65] proposed a novel random strategy in the area of background modeling 

to estimate background using sample based estimation. Proposed background model can be 

updated using non-recursive method. Proposed algorithm is a pixel based non parametric 

approach that uses color value of every pixel to estimate background. Proposed approach 

cannot adopt sudden illumination charges. Proposed approached requires manually 

adjustment of parameters to handle dynamic scenes 

Hofaman et al. [7] have beautifully explained novel Pixel Based Adaptive Segmenter 

(PBAS) approach to detect foreground objects. The background model is initialized by N 

image and updates it randomly. Segmenter uses adaptive parameter instead of fixed. Lower 

and upper segmenter boundary handles dynamic and non-static background. Huang et al. 

[67] proposed a novel approached of modeling by combining pixel based RGB colors with 

optical flow motions. Hybrid model significantly segments foreground objects from static 

or non-static backgrounds. Such hybrid model gives computation complexity compared to 

that of other pixel or region based approaches. 

T sai et al. [68] presented a novel hardware approach for foreground detection. For the 

foreground detection they have presented a hybrid algorithm. Chen et al. [69] proposed 

hybrid model to improve performance evaluation of Gaussian Mixture Model (GMM) 

algorithm by suggesting extrinsic improvements. They have suggested Hierarchical 

approach as a post processing.  

2.6      3D Object Detection 

A large part of robot independence is characterized by awareness, the ability of a robot to 

sense its surroundings and act it in an intelligent way. 3D scene understanding, object 

detection and tracking are amongst the greatest challenges in computer vision. Structure 

from motion, optical flow, stereo, edge detection, and segmentations are some of the 

methodologies which is able to understand and recognize the object. Algorithms which 

describe objects, predicts the object behavior in scene and continuously sense the 

environment to interact with objects in 3D scene. A 3D interpretation can provide great 

background or frame for reasoning about the interactions. Increasing popularity of 3D 

displays is important to growing demand to create 3D models from monocular scene.  
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From a monocular image, 3D reconstruction requires interpreting the pixels of the image as 

surfaces with depths and orientations. Generally, perfect depth estimates are not necessary; 

a rough sense of geometry combined with texture mapping provides convincing detail. 

 

Household robots and cars require paths finding, detecting obstacles, and predicting other 

object’s movements within the scene space. Mobile robots and autonomous vehicles will 

require image analysis along with the depth sensors. Image analysis required good 

abstractions for interaction and prediction in 3D coordinates. Much of the prior work on 

3D object detection has focused on offline computation to prevent real-time tracking 

portions. 

 Foreground object information can be defined and detected by two different approaches. 

1. Appearance Based Model 

2. Geometry Based Model 

 

1. Appearance Based Model 

  Appearance models are formed by volume-based silhouette technique. The model is 

trained based on their silhouettes for every object. (Features/descriptor are derived from 

images of the object are utilized) 

 

2. Geometry Based Model 

Geometric models are constructed for every object and shape-matching techniques. 

Geometry-based methods handle occlusions and similarity appearance because it does not 

depend on the appearances.3D object detection and tracking approaches have undergone 

remarkable improvements in recent years. Generally all the approaches depend on depth 

sensors, feature points, texture and edge. 

 

Dementhon et al. [66] proposed POSIT algorithm to determine the pose of an object by 

matching the feature points to geometric point on object. This algorithm is implemented on 

monocular scenes and it is fast to implement. Such an algorithm fails to handle 

mismatches.  Najafi et al. [70] is an extended version of the previous approach and it can 

handle mismatches beautifully. Proposed approach utilizes a set of calibrated images of the 

moving objects with 3D geometric model. The feature correspondence is achieved by a 

combining effort of Bayesian frame work and PCA (Principal Component Analysis). 
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Alberto et al. [71] proposed a real time pose estimation algorithm which is able to handle 

challenging conditions. Algorithm ably detects and tracks 3D object in monocular images. 

Algorithm does rely on depth sensor and depths can be estimated from the 2D projections. 

Xiang et al. [72] proposed an algorithm which can track 3D object in monocular multiview 

scenes. Proposed approach performs 3D tracking through part based particle filtering and 

utilize the monocular multi-view. Such an algorithm is not robust to occlusion. 

 

Brachmann et al. [73] proposed 6D pose estimation approaches on the base of depth 

sensor. It utilizes the 3D coordinates to estimate 6D pose. Proposed approach depends on 

recognition of the local patches. Actually said approach is considered for RGB-D images. 

Chliveros et al. [74] proposed contours and edges are used to estimate pose. Such an 

algorithm cannot handle occlusions. Tejani et al. [75] proposed an approach to estimate 

and detect 3D object and pose in monocular image. Such an algorithm uses local patches 

for the object recognition and it fails to detect occlusion.  

 

Christian et al. [76] proposed a novel approach to estimate 3D scene modeling using 

monocular scene. Proposed approach enables multi-frame inference in tracking by 

detection frame work using a probabilistic 3D scene model. Algorithm performs 

monocular 3D scene geometry estimation in real time traffic scenes. Such system handles 

clutter background and occlusion. Ess et al.[77] proposed a 2D Walsh-Hadamard filter-

bank and depth information obtained from stereo disparity to infer traffic situations. 

Brostow et al. [78] proposed a novel approach for the traffic scene understanding. 

Proposed algorithm uses 3D point clouds to get better 2D scene segmentation.  

 

Tu et al. [79] explained newly model for image understanding. Proposed approach use 

MCMC (Markov chain Monte Carlo) sampling method to discriminate classifiers with 

bottom up generative models for 2D image understanding. Hoiem et al. [80] proposed 

image segmentation and object detection to deduce the object positions in 3D. In proposed 

approach multi-cue combination of scene labels and object detectors allows to reinforce 

weak detections. 

 

Taiki [15] proposed a novel approach to detect and track multiple moving objects in 

monocular scenes. Proposed approach recovers 3D models separately using multiple 

calibrated cameras. Algorithm uses target which is a combination of moving object and it’s 
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artifact for the tracking purpose. Mixture model with Semi Parametric PDF generates 3D 

coordinates and estimate the position. Such an algorithm handles occlusion and tracks 

multiple objects with similar appearance. Byeon et al. [81] proposed a unique approach for 

the 3D model of objects. Proposed approach uses data association method instead of 

appearance to generate 3D estimation. Iwashita et al. [82] proposed level set geometry 

based method to estimate 3D coordinates. Algorithm is able to handle occlusion and object 

that are similar in appearance. Luo et al. [83] proposed a unique geometry based human 

body fitting 3D model technique. Proposed approach is able to handle objects which are 

occluded partially with the other similar objects or background. 

 

Xiaozhi et al. [84] beautifully explained the application of 3D scene understanding and 

recognition in 3D coordinates for autonomous driving. High quality of 3D detection from 

monocular scene is obtained by using standard CNN (Convolutional Neural net) pipeline. 

Proposed approach has utilized the energy minimize method to place object in 3D 

environment. Algorithm performance evaluation shows that it is able to handle challenges 

and generate appropriate 3D model in monocular scenes. Chen et al. [85] proposed a 

unique approach to exploit stereo imagery to create appropriate 3D proposals. Algorithm 

uses RGB-D inputs to score 3D bounding boxes using a conditional random field. 

Karpathy et al. [86] proposed novel RGB-D approach to estimate 3D scene. Proposed 

approach uses depth information from the sensor to predict the 3D scenes through shape 

analysis. 

 

Koltun et al. [87] proposed algorithm that ensembles binary segmentation models for 

object candidates. Joint learning of the ensembles of local and global binary CRFs 

(Conditional Random Fields) used individual predictors to specialize in different conduct. 

T. Lee at al. [88] proposed parametric energies to propose promising object candidate. 

Proposed approach uses parametric energies to suggest multiple divergence regions. 

Trivedi et al. [89] explained that how the detection approach occurs in autonomous 

driving. It detects candidate set of object and fits a deformable part models within a box. 

Proposed approach uses an ensemble of models derived from visual and geometrical 

clusters of object instances. Pepik et al. [90] proposed a unique approach to detect a 

candidate set of objects. A deformable part models fits within a box. Proposed approach 

extends those deformable part models to 3D linking parts across different viewpoints. 

Xiang et al. [91] proposed a unique approach for 3D object recognition. Algorithm uses a 
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3DVP (3D voxel pattern) supervised learning approach. It learns occlusion patterns to 

improve performance evaluation.  

 

S. fidler et al. [92] proposed a novel approach to extend deformable part based model. 

Proposed model represents deformable 3D cuboid of faces and parts. Proposed algorithm 

have been tested for the both the indoor and outdoor environments intended for 2D and 3D 

object detection. Vacchetti et al. [93] proposed a novel approach for online and offline 3D 

tracking. Proposed approach uses jitter free tracker that combines natural feature matching 

and key frames to handle camera displacement. It also makes it robust.  

 

Peter et al. [9] proposed a novel unique geometry based approach for object detection in 

3D monocular scene. Proposed algorithm generates geometric primitives predetermined 

location pattern in occupancy map. We can estimate object location by deconvolving the 

occupancy map and template similarity techniques. Same approach can be used for the 

single and multiview monocular scenes. Proposed monocular algorithm shows significant 

improvement in offline other state-of-the art approaches.  

 

Kelly et al. [94] proposed novel approach to construct 3D model using voxel feature. 

People and other moving objects can be modeled as a collection of these voxels to decide 

the camera hand-off trouble. Sato et al. [95] proposed CAD based 3D environment model 

which uses to extract 3D location of unknown moving foreground objects. Jain et al. [96] 

proposed a unique approach to obtain 3D location of every moving object which uses a 

highly calibrated camera to sense the environment and obtain the 3D locations of every 

unknown moving for the multiple perspective interactive video.  

2.7      Object Tracking 

Tracking moving objects in a video sequences for the indoor and outdoor surveillance is an 

important and challenging task in the area of computer vision. Latest computers, high 

quality CCTV cameras, need of an vigilant monitoring and requirement of a smart video 

analysis leads to an motivation in developing and implementing object detection tracking 

algorithms. Such an algorithm seems to be smart and vigilant if it follows certain steps, it 

must detect moving foreground object and tracking of segmented objects over a time of 
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successive frames. It must also recognize and analyze the object and its behavior in a 

consecutive frames. Following literature shows the different object tracking methods. 

 

 Numerous approaches have been proposed for the object tracking like Feature based 

Object tracking, Region Based object tracking, Contour Based object tracking and Model 

Based object tracking are some of the existing general approaches are available for the 

smart and intelligent object tracking. In general, classifications of the different approaches 

are on the basis of the object representation, feature of the tracker and image feature 

selection. Generally, particular tracker or image feature and object representation relies on 

the video environments, object appearance, object silhouettes, single of multiple objects 

and the position and motion of the surveillance cameras. Point and primitive geometry 

based object representation are preferable if the size of the moving object is small or it 

follows certain geometry like rectangle or ellipse.  Especially when the tracking target 

silhouette is complex or utters then a part based multiple patches or skeletal model is 

preferable. 

2.7.1      Feature Based Tracking 

Feature based tracking method recognize object elements and track object by extracting 

elements. It also clusters those extracted elements into higher level feature and matches 

those features among images of the consecutive frames. Every feature based approach 

must depend on the feature extraction and feature correspondence. Such an approach 

shows certain uncertainties about the feature correspondence as similar feature point are 

frequently available in successive frames.  

 

Hu et al. [97] proposed a novel survey for the feature based tracking method. The proposed 

survey classifies it into three categories: global feature based, local and dependence graph 

based tracking methods.  Global feature based approach use color, area, perimeter, 

centroids etc. as a tracker input. Local feature based approach uses line segments, curve 

segment or say corner vertices of objects. Such an approach is very much feasible in traffic 

navigation and vehicle tracking. Dependence graph based approach uses different distances 

and geometric relations among features. Generally such an approach is not feasible for the 

online tracking because searching and matching graphs make it computationally costly. 
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Xue et al. [98] proposed novel feature based tracking approach by using discriminative 

feature of background. Proposed approach improved mean shift algorithm by applying 

those discriminative feature. Yang et al. [99] proposed unique mean shift and feature 

matching based approach for object tracking frame work. Proposed approach uses Harris 

detector for the extraction of feature point of template object. 

  

Rehman et al. [100] proposed SIFT based novel tracking approach for the tracking of the 

single and multiple objects under the different motion environments. Background 

subtraction detected objects in a video sequences while motion and SIFT (scale Invariant 

Feature Transformation) features use for the object tracking. Fazill et al. [101] proposed a 

unique SIFT feature and the mixture of color a feature and particle filter for the object 

tracking.  SIFT features is responsible for the object localization and representation while 

particle filter is responsible to approximate the solution to the sequential estimation.  

 

Bai [102] presented a unique mean shift and on-line feature based tracking algorithm. The 

feature space is created using pixel RGB color values and Kalman filter does the state 

estimation. Miao et al. [103] pressed a robust feature based tracking approach in which it 

integrates the local features and adaptive on-line boosting algorithm. Fan et al. [104] 

explained the real time object tracking algorithm for mobile instruments. The moving 

object can be track by haar-like features. Feature detection and color filtering provides 

robustness and recovers the tracking. Shen et al. [105] utilized particle filtering approach 

for the object tracking. Such an approach is useful for the non-linear and non-Gaussian 

approaches.  Mahendran et al. [106] presented a novel DML (Distance matrix Learning) 

and NN (Nearest Neighbor) classification approach for the object tracking. Canny edge 

detectors are responsible for the foreground detection. Such an algorithm is robust for the 

real time application due to DML approach. The feature based tracking technique does not 

handle occlusion, overlapping and unrelated structures. The combination of feature based 

and other kind of tracking make it robust to improve performance evaluation and also 

handles above constraints. 

2.7.2      Region Based Tracking 

Region based tracking method track object on the bases of variations of the image regions 

with reference to foreground regions. Motion detection can be achieved with the help of 

simple background subtraction technique. The region based tracker use color, texture, 
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motion, spatial-temporal features for the tracking purposes. Compared to above approach, 

it is computationally efficient algorithm and its tracking accuracy extensively depends on 

the robustness of the background model.  

 

Wren et al. [107] presented novel approach to track single people in indoor environment. 

Proposed approach used blob tracker to track different body parts. Kauth et al. [108] 

proposed unique MSS (multi spectral satellite imagery) and MDL (minimum description 

length) algorithm for object tracking. Algorithm calculates features vectors for every pixel 

and those feature clusters created blobs. Every blob has its spatial and color information by 

which the background scenes are modeled as Gaussian distributions.  

 

Xu et al. [109] introduced unique supervised segmentation method for the video sequences. 

For moving object, proposed approach included object’s motion estimation and region 

segmentation. In proposed method object outline is to be considered as video object.  Gu et 

al. [110] proposed a novel backward region based classification approach for the object 

tracking. The approach requires preprocessing and post processing along with the region 

extraction, estimation of the region and region classification. 

 

Hariharakrishna et al. [111] presented innovative approach for object tracking. The moving 

object is been tracked by the object boundary prediction and by using block motion 

vectors. Adaptive block approach estimates motion in consecutives frames. Duality 

principle is responsible for the occlusion detection. Andrade et al. [112] developed a novel 

tracking technique using region derived descriptors for the tracking and segmentation. The 

image homogeneous regions can be divided into a series of the image as the object 

extraction difficulties can be carried out pixel to pixel.  

 

Wei et al. [113] uses Adaboost based global color feature and pixel-wise tracker to extract 

an object. K-means clustering algorithm is used to initialize and recognize the initial 

frames. Region based tracking can be achieved by using bidirectional labeling technique.  

 

Kim et al. [114] presented a novel region based tracking approach for tracking multiple 

objects. Proposed approach use differential image for the tracking purposes.  With the 

application of particle filtering, proposed algorithm handles complex environments and 

also provides robust tracking.  
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Khraief e al. [115] developed a unique detection tracking algorithm using automatic 

initialization and robust background modeling. Statistical information is used for the 

tracking purposes, while level set method is used for the detection purpose. Proposed 

algorithm handles dynamic tracking and it can be done along with the detection. Varas et 

al. [116] introduced a unique region based approach for the generic object tracking. The 

proposed approach uses region based and color based particle filter. Particle filter handles 

multiple hypotheses.  

2.7.3      Contour Based Tracking: 

Contour based tracking consider boundaries of an object and discover the shape of the 

object through boundaries and then track boundaries in successive frames. This approach is 

highly sensitive to the initialization of tracking. Therefore, it would be very difficult to 

start tracking automatically. 

 

Dokladal et al. [117] derived unifying active contour based tracking algorithm. Feature 

weighted gradient and contour used to track driver’s face. Gradient of the image is 

calculated for the image segmentation and gradient based approach is used for tracking. 

Chen et al. [118] presented a Neural Fuzzy network based contour model for the object 

tracking. The proposed approach uses self constructing neural fuzzy inference network for 

the training and recognizing purpose. The silhouette histogram of a person is projected and 

transforms it into discrete form.  

 

Zhou et al. [119] presented a particle filter based unifying multi-hypothesis tracking 

algorithm. Proposed approach integrates color feature and contour information. They have 

used sobel operator and silhouette similarity for the contour detection. Ling et al. [120] 

proposed contour based tracking approach in which Multi fusion approach and color 

histogram are used to locate the object. Region based contour extraction can be used for 

extraction of the contour to track moving objects. Harris corner feature fusion method is 

used for the particle filter. Hu et al. [121] presented a unique effective framework for 

object tracking. The proposed technique is based on contours and on the frame work of the 

different techniques such as color based contour evolution, adaptive silhouette contour 

evolution and Markov based dynamic model.  
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2.7.4 Model Based Tracking 

Model based tracking matches the scene information to the projected model. The projected 

model is produced from the object prior knowledge. Usually projected models are 

deliberated manually or deliberated with the help of computer vision. 

 

Ramanan et al. [122] described a unifying 2D model to detect and track multiple people by 

detecting their body parts. The model can learn from the set of frames that contains 

people’s body parts for the appearance model. In every successive frame appearance model 

of body parts are tracked. The collection of bad cluster will leads to a poor tracking 

accuracy. Zhao et al. [123] presented a novel tracking approach for the multiple objects. 

Such an algorithm tracks multiple objects in a complex environment which is created by 

single camera or it is suitable for the monocular scenes. The complete people motion can 

be separated into global and motion factors. This approach combines region based 3D 

models for the tracking purpose. 

2.7.5      Kalman Filtering 

Kalman filter is an analyzing tool and data processing algorithm to estimate predicted 

values. It is an iterative mathematical process that uses a set of equations and consecutive 

data inputs to quickly estimate the true value, position and velocity of the object being 

measured. (Minimize mean of the squared error). It supports estimations of past, present, 

and even future states, and it can also do even when the precise nature of the modeled 

system is unknown. 

 

Chen [124] developed unifying approach for object tracking using Kalman filter and 

Bhattacharya coefficient. Both the novel techniques are used to predict and evaluate the 

object position. Tracking can be done in two fold. Objects from the complex environments 

can be track by means of the kernel based technique and after the localization of the object 

use contour based approach to improve the tracking accuracy. Wu et al. [125] developed a 

unique 3D tracking model. Proposed approach is robust enough to extract object motion 

trajectory independently from the complex and uncontrolled environment. Again the 

proposed approach gives two fold unifying region based and mea shift tracking approach. 

The responsibility of the kalman filter is to combine the results of both techniques and 

significantly improve the performance evaluation by improving the tracking accuracy. 
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Li e al. [126] developed unifying adaptive kalman based tracking approach for the object 

tracking. A corner feature is used to represent a moving object. The parameter estimation 

for the kalman filter can be achieved by means of the corner point variation in successive 

frames. Peterfreund [127] represent kalman based unique tracking approach for the non 

rigid moving objects. Active contour model employs kalman filter to estimate the velocity 

for the non rigid objects and kalman measures gradient. Optical flow based detection will 

be able to reject the measurements and improve the robustness in clutter environment.  

 

Jang et al. [128] introduced a kalman filter based approach to track the moving objects. An 

active template dynamically combines the structural features, texture, color and edge of the 

moving object. Kalman filter performs motion estimation and tracking can be done by 

minimizing the feature energy. Fieguth et al. [129] proposed a kalman filter based 3D 

model tracking. Kalman filter is responsible to predict the position of the interested point 

in every successive frames and the local search attains the measurement of the neighbors in 

which 3D model scale factor is to be considered during the prediction stage. 

2.8      Performance Evaluation 

For accurate object detection and object tracking certain performance evaluation metrics 

and measures are available. The core behind applying certain metrics is to verify the 

strength and weakness of various object detection and tracking approaches and also to 

compare the robustness of the proposed approach with the ground truth and other similar 

approaches. This is an essential task to prove the originality and credibility of proposed 

approach. 

 

Yong et al. [12] presented a beautiful comparative analysis for the background modeling. 

They have reviewed all pixel based, region based and hybrid background modeling 

methods. Among all the methods they have compared eight different state-of-the art 

approaches for a very challenging CDnet 2014 video dataset. Comparative analysis is 

reviewed for the motion segmentation and background subtraction. Along with this, it also 

compares for Recall, Precision, FPR, FNR and F-measure. This paper is very much useful 

for the researchers as far as to compare their proposed approaches with the other similar 

approaches. 
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Yannick et al. [13] presented a review and comparative analysis on background subtraction 

algorithms. They have compared seven various background subtraction techniques. All the 

various techniques are compared against challenging video and synthetic video datasets. 

They have generated PR curve for all the techniques and also compared all the techniques 

against different constraints. This paper is useful for the researches to compare their 

proposed subtraction algorithm.  

 

Taiki [15] proposed a novel approach to track 3D object in monocular sequence. Proposed 

method is used to track objects that look similar in nature. In a proposed paper, they have 

compared other similar stat-of-the art techniques for their tracking accuracies and tracking 

precision. They have compared for the False positives, False Negatives and Identity 

mismatches. This paper is also useful for the researches to compare their 3D monocular 

tracking approaches for the Multiple Object Tracking Accuracy and Multiple Object 

Tracking precision. H.possengger et al. [10] proposed a unique approach to track real-time 

multiple objects. To track the moving object in Real time, they have used Volumetric Mass 

Densities. Proposed approach is compared with the other similar approaches and it is 

useful for the others to compare their proposed tracking approaches [11,7]. 

2.9      Summary 

In this chapter, a brief and general overview of the various surveillance systems is being 

reviewed. In the literature section we have reviewed different approaches for the object 

detection and object tracking for the indoor and outdoor surveillance. Usually background 

modeling is categorized into pixel based, region based and hybrid approaches. All 

approaches have certain limitations and for the surveillance system, robustness can be in 

the sense of handling the dynamic environment. Pixel based approaches gives faster and 

accurate modeling techniques. For the tracking purposes four different algorithm 

approaches are available. From the general literature survey, it has been found that all the 

tracking approaches ultimately falls into Feature, Region, Contour or Model based 

approach.  

 

From the literature survey kalman filtering is found to have applications in multiple areas 

such as, navigation, aided Strap down Inertial Navigation Unit, Global Positioning system, 

Tracking objects (e.g., missiles, faces, heads, hands), Stabilizing depth measurements, 
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Feature tracking, Cluster tracking, Fusing data from radar, laser scanner and stereo-

cameras for depth and velocity measurements. Since two major processes are performed in 

kalman filtering viz. prediction and measurement process, which too in recursive manner 

giving optimal estimation (future) outputs, majority of the literatures which included find 

kalman filtering use in the area of object tracking. Taking this in to consideration, kalman 

filtering is used for object tracking in proposed algorithm.  

 

2-Dimensional foregrounds are detected using Gaussian Mixture Model (GMM) while for 

3-Dimensional foreground rather than pixel, voxels are being considered for the detection. 

The voxels are detected using both Semi Parametric PDF (SP-PDF) and MAP-EM in 

addition to Gaussian Mixture Model (GMM). 

 

Researchers have tried to combine the background modeling approaches to make the 

system robust. However from the literature survey, it has been observed that for the 

improvement of the performance and for the robustness, no perfect resolution has been 

established till yet. 

 

From the literature review and from the problem definition, it is found that Gaussian 

Mixture Model is a versatile tool for 2-Dimensional object detection on multimodal 

backgrounds. For 3-Dimensional object detection combination of mixture model and SP-

PDF gives appreciable results. At the same time tracking can be achieved with the help of 

kalman filtering for better tracking accuracies under various environments and foreground 

– background constraints.  

 

Based on the above conclusion and from the subsequent literatures modified Gaussian 

Mixture Model (GMM) is used for object detection along with kalman filtering for object 

tracking.  
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CHAPTER 3 

Background Modeling 

3.1      Introduction 

Background modeling describes the type of model used to represent the background. It 

determines mainly the ability of the model to deal with uni-variate or multivariate 

backgrounds. Background modeling for the detection of foreground or moving object is 

generally used in various applications to model the background such as indoor and outdoor 

video surveillance, optical motion, multimedia, robot navigation and assistance, traffic 

monitoring and automated driver assistance. In video surveillance, for segmenting out the 

foreground or moving object in every frame of the input video sequence is the primitive 

operation. The reliability of the tracking system depends on the effectiveness and 

robustness of background modeling estimation and background subtraction. Some of the 

computer vision applications do not require establishing background modeling and 

foreground detection. Predictable background modeling techniques model each pixel by 

means of its temporal variations and the foreground is detected by means of change 

detection. In recent applications such as mobile and internet videos did not have static 

background and such videos are suffered with the challenges. To detect moving object is a 

crucial and challenging task for the researchers. The model’s efficiency depends on how 

well it deals with the different challenges like dynamic and clutter background, indoor and 

outdoor video sequences light variations etc.  

3.2      Background Modeling 

The easiest technique to model background is to obtain a background image which doesn’t 

include any foreground. Hence the main objective of background modeling is to segment 

the moving object from the background, which may be embedded with the static or non 

static backgrounds. In certain video sequences, background modeling is such a challenging 

task as backgrounds may not be available, objects being introduced or removed from the 
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scenes or illumination variations taking place in both indoor and outdoor environment. 

This background modeling can be classified in two broad categories like parametric and 

non parametric models. Some may classify it in to three categorize like Pixel based 

approach, Region based approach and Hybrid approach [12]. Background modeling can 

also be classified as recursive and non-recursive approach [130]. Sometimes it has been 

also referred to as uni-modal, bi-modal and multi-modal.  Generally it is broadly classified 

in to Traditional and Recent approaches. Table 3.1 and Table 3.2 shows the complete 

Traditional and Recent background modeling approaches based on all of the above 

categories. Figure 3.1 shows the simple background modeling technique.  

 

Pre Processing – Noise 

Removal

Foreground / Moving 

object Detection

Post Processing – 

performance 

Enhancement

Background Modeling

Background Foreground Object

Input Video Sequences 

 

FIGURE 3.1 Simple Background Modeling Technique 

Figure 3.1 shows that background model is used to detect foreground objects by modeling 

every background pixel. Background is generally not static and it is suffered with the 

different limitations. Figure 3.1 shows that how exactly the background can be developed 

from the very challenging and dynamic background. Pre and post processing also plays the 

vital role in developing the robust background model and it also helps to improve 

comparative performance evaluation. For the real time applications such as video 

surveillance and automated driver assistance, background modeling technique requires to 

be operated on low computational complexity. Again the background model should also 

take care about the transient stops of the foreground objects. 
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TABLE 3.1 Traditional Background Modeling Approaches 

Background 

Approach 

Background 

Category 
Background subcategory 

Traditional 

Approaches 

Basic Histogram, Median and Average 

Statistical Support vector, Subspace learning 

Cluster k-means, Codebook, Sequential clustering 

Neural Regression and Multi valued neural, Competitive neural 

Estimation Wiener filtering, Kalman filtering, Chebychev filtering 

 

TABLE 3.2 Recent Background Modeling Approaches 

Background 

Approach 

Background 

Category 
Background subcategory 

Recent 

Approaches 

Statistical 
Gaussian Mixture Model, Hybrid and non parametric Model, Multi 

Kernel Model. 

Fuzzy 
Fuzzy – Background, Foreground detection, Background 

Maintenance, Feature and Post processing. 

Discriminative and 

mixed subspace 

learning 

Discriminative subspace, Mixed sub space. 

Robust sub space 
Principal Component Analysis (PCA) and Robust Principal 

Component Analysis (RPCA), RPCA – Sparse, Outliers, Sparsity. 

Subspace Tracking 
Grassmannian Robust Adaptive Subspace Tracking Algorithm 

(GRASTA) 

Low Rank 

Minimization 

Contiguous Outliers, Direct Robust Matrix Factorization, Probability 

Robust matrix Factorization. 

Sparse Compressive Sensing, Structured Sparsity, Dynamic Group Sparsity. 

Domain Transform 
Fast Fourier Transform (FFT), Discrete Cosine Transform (DCT), 

Wavelet Transform (WT) 

 

Background model is robust against all the constraints such as environmental changes, 

dynamic and clutter backgrounds and at the same time it is also sufficiently sensitive to 

identify the concerned moving objects or foreground objects.  

There are two approaches to locate and detect the position and foregrounds for objects are 

as follows: 

(i) Background Subtraction: To compare every pixel with a background for 

determining whether the pixel is belonging to foreground or background. It is 
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especially used where the background is relatively stationary and it gives low 

computational complexity. 

(ii) Optical Flow: Compare consecutive frames to estimate the movement of the 

pixel (flow vector) further to detect moving or foreground objects. It can detect 

moving objects even from the moving cameras. Due to high computational 

complexity it is not feasible to work in real time surveillance system. 

3.3      Background Subtraction 

Background subtraction technique is implemented for detecting foreground objects. The 

eventual objective is to “subtract” the background from the video sequences in order to 

detect foreground moving object. Background subtraction is the simplest technique if one 

has a priori knowledge about the background pixels. Background subtraction approach is 

broadly applicable in video surveillance, vehicle navigation and traffic monitoring 

application. For video surveillance, it can efficiently work in both indoor and outdoor 

environment. The simplest concept of background subtraction is the difference between the 

current and reference background image in every consecutive frame. 

Background Model usually consists with the following sections: 

 Background Initialization – (Construct initial background Model) 

 Background Maintenance – (Update background model in every pixel/frame) 

 Foreground Detection – (Foreground and background pixel classification) 

 Choice of picture element 

 Choice of features 

 

Background 

initialization

Foreground Object 

Detction

Background Frame

Current Frame

Background 

maintenance

Input Video Sequences Foreground mask

Model parameters Updated

 
 

FIGURE 3.2 Simple Background Subtraction Approach 
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3.3.1      Background Initialization 

The objective is to create background model with the help of the fixed number of video 

frames for the video surveillance system. In certain video sequences background isn’t 

available. Background model can be initialized through different approaches like 

statistical, fuzzy, PCA, etc. Generally we assume that the model can be initialized by 

certain initial frames which are free from moving objects. In a real time and especially in 

an outdoor surveillance, such an assumption is rarely achieved because of the dynamic and 

clutter backgrounds. Figure 3.2 shows the simple background subtraction approach for the 

foreground segmentation. Simple background subtraction and motion of the foreground 

object can be detected by,  

                                              (3.1) 

  

where,                             ,                                   , 

                                   and                           

                  may be a fixed number or dynamic. Background frames depend on the 

complexity of the background. 

The challenging task is to obtain background model from a sequence where maximum 

number of initial frames contains moving objects. For the model initialization different 

techniques are available as follows: 

 Initial N frames are required. 

 Known numbers of N frames are required. 

 N numbers of unknown frames are used to generate partial background and 

continue the process till complete background is obtained. 

In addition to this background initialization, it also depends on the statistics and 

complexity of the background models. Followings are some of the standard approaches 

that are available for the background initialization. 

 

a. Temporal Frame Differencing 

It is the simplest background technique amongst all. It is also known as temporal frame 

differencing technique. Background model can be estimated using the previous video 

frame. Foreground object can be detected by taking the difference of the current reference 

and input frame. The temporal frame difference     at given time   is calculated as, 
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                (3.2) 

 

where    is the frame pixel intensity at time  . The foreground binary mask    can be 

calculated by comparing      to the foreground threshold     which is determined 

empirically, statically or adaptively and if difference is more than a specific threshold then 

a measured pixel is to be considered as a moving or foreground pixel.  

    
                    

  
                   

  (3.3) 

 

If              then, it is to be considered as no motion is detected and hence the current 

pixel is to be considered as a background and this approach is maintained continuously for 

the every pixel and frame. At last the total number of consecutive frames establishes the 

background model. Such method suffers with the certain limitations i.e. if the sequences 

having a connected region with the foreground object, it will be wrongly classified as a 

background and if the continuously moving object in every frame remains still for some 

time interval then it would be considered as a background. Background can be estimated 

from the difference of just one time frame, so the approach is sensitive to the transient 

stops. It won’t be able to handle camera noise and illumination variations. The uniform 

distribution of the color is also playing vital role in segmentation. Frame differencing 

approach fails to detect large silhouette and uniform color distribution.  

 

b. Averaging Filtering 

Selective averaging method is used to initialize the background model. Averaging filtering 

approach establish the background model by averaging the video frames over time. It is 

based on the certain assumption that sequence staring frames are free from the moving 

objects and foreground object is available in transient. The model can be initialized as,  

     
      

 
   

 
 (3.4) 

where,     is the background model pixel intensity,      is the pixel intensity of the     

current frame and   is the number of frames required to develop background model. 

Number of frames   depends on background environment. Averaging filtering handles 

uni-modal backgrounds but it fails to detect object in bi-modal backgrounds such as 

crowded scenes, illumination variations, water twinkling etc. 
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c. Median Filtering 

Background can be initialized or estimated by computing the median of all the pixel 

values. It is stored in a memory at each pixel position. The motion can be predictable by 

half of the length from the median for the complete memory. If a stationary object is 

entered into a frame, it will take half of the total length memory to become background. 

3.3.2      Background Maintenance 

Background maintenance is required to adopt the changes occurred in the video sequences. 

It is a learning process and must be achieved online at every pixel and frame level. 

Background can be updated by the maintenance component using previous background, 

foreground binary mask and the current frame. Background maintenance and updation is 

also required if a moving object is stationary for a long duration and it must be 

incorporated in the background model. If the same incorporated moving object is once 

again moving, it must be detected as a foreground object and such an updation can be 

possible by maintaining the background in every video frame. Generally three different 

maintenance techniques are available: 

 Blind  

 Selective 

 Fuzzy adaptive 

 

a. Blind background maintenance 

This maintenance scheme updates all the background pixels uniformly with the same rule. 

Generally IIR filtering updates background model uniformly by using the learning factor. 

                         (3.5) 

where   is the learning rate which depends on the complexity of the background.       and  

  , the background and current image at time   respectively.  

The learning rate is used to classify foreground and background and same learning rate is 

used to compute the new background but it infects background image. 
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b. Selective background maintenance 

To resolve the problem of blind maintenance, it is proposed in literature that Selective 

background maintenance scheme is used to maintain the background. Instead of single, two 

different learning rates are used to classify foreground objects and backgrounds. By using 

the different learning parameters we can update the background model very quickly and it 

can also adopt the various constraints like clutter and dynamic background efficiently. 

 

                         - If the pixel is belonging to background (3.6) 

                         - If the pixel is belonging to foreground (3.7) 

 

Again such scheme depends on the value of   and   learning rates. Different learning rates 

will lead to uncertainty of the foreground background classification. The learning rate 

determines the adaptation speed. It also determines that how fast the model can adopt the 

illumination changes and time required to accommodate the stationary moving objects in 

the background model. Learning rates deals with the various challenges and do have 

various characteristics.  

 

c. Fuzzy adaptive background maintenance 

The classification uncertainty can be overcome by applying Fuzzy adaptive background 

maintenance scheme. By using the foreground detection result, it graduates the update rule 

to maintain and update the background model. Such scheme handles all the various 

constraints and is able to detect foreground objects in any critical condition. The major 

objective of the background maintenance is to update the model when its need arises to 

accommodate the gradual or sudden changes in every frame. If the pixel or frame does not 

show significant changes in the parameters then, it is useless to update and maintain the 

background model at every frame. 

3.3.3      Foreground Detection 

Foreground detection is a technique to classify foreground and background objects on the 

basis of certain criteria. Usually the difference between the current frame and the 

background frame leads to compute the foreground objects from the video sequences. 

Foreground detection can use static or predefined or adaptive threshold. Intensity, Region, 

Texture, Motion and Edge are some of the approaches available to detect motion in a video 
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sequence. Further foreground binary mask is used to investigate and maintain the 

background model. 

3.3.4      Picture element 

A Pixel, a Block and a Cluster are the different choices available for picture element. 

Choice of the picture element is required to initialize and maintain the background model. 

The system robustness depends on the size of element. Generally, the pixel based approach 

is less prone to handle noise compared to that of Region and Cluster based approaches.  

3.3.5      Features 

To develop robust background modeling one must have to consider the various features. 

Followings are the types of features that are commonly used in the computer vision 

applications, 

 Spatial features – Edge, Texture 

 Spectral features - Color 

 Temporal features – Motion 

These features have the different properties and are used to handle different constraints like 

illumination variations, clutter and dynamic background and motion changes. Color 

features cannot robustly handle illumination variations and shadows from the background 

and foreground. Edge and texture features ably detect objects under the illumination 

changes and shadows. Crisp, Statistical and Fuzzy operator combines more than one 

feature to make system robust against the clutter and dynamic background. Usually the 

feature choice is according to the situation the way in which researcher wants to handle 

constraints and challenges. 

 

Apart from all the Traditional and Recent background modeling, statistical background 

subtraction approach provides better robustness and is able to handle complex and critical 

situations. Another motivation for the researchers is that many modifications and 

improvements can be seen in the probabilistic statistical Mixture of Gaussian MoG model 

like Gaussian Mixture Model (GMM), Two-Layer Gaussian Mixture Model (TLGMM), 

Spatio Temporal Gaussian Mixture Model (STGMM), Spatial Kinetic Mixture of Gaussian 

(SKGMM), Time Adaptive Per Pixel Mixture of Gaussian (TAPPMOG) and Spatial Time 

Adaptive Mixture of Gaussian (S-TAPPMOG). 
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3.4      Proposed Approach - Modified Gaussian Mixture Model 

Mixture of Gaussians and Gaussian Mixture Model are been used to model the multi-

modal backgrounds. It is used to handle clutter and dynamic backgrounds. The Mixture of 

Gaussians was introduced by Stauffer et al. [1]. It is used to represent each pixel of the 

video frame by using a mixture of normal distributions in order to handle multimodality of 

the backgrounds. The Gaussian mixture model is considered such that the foreground 

detection can be achieved by modeling the background and subtracts the background from 

the current frame; such operation can be carried out pixel by pixel rather than region based 

approach. 

a. Uni-Variate Gaussian 

Uni-variant model is also referred to as single Gaussian. In this approach background 

model is based on fitting a Gaussian probability density function on a pixel’s value. For the 

background model maintenance, running average is used to update the mean and variance 

of the single Gaussian. Uni variate Gaussian distribution is defined as,  

          
 

     
  

       

    (3.8) 

where   and   are the mean and variance (standard deviation) of the normal distribution. 

Foreground and background can be estimated with the help of, 

                    (3.9) 

 

The pixel is classified as a background if above conditions is satisfied otherwise pixel is to 

be considered as foreground pixel. Single Gaussian method would be able to handle bi-

modal backgrounds such as dynamic video sequences which contain continuous gray 

levels and infrequent illumination variations.  It is useful for the indoor surveillance system 

where the illumination is almost constant and for an outdoor surveillance, it is subjected to 

heavy and sudden variations of light intensity and clutter background. Hence, the mean and 

variance are updated in every frame. Multi-Variate Gaussian distribution handles such 

challenges and constraints.  
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b. Multi-Variate Gaussian distribution 

Multi-Variate Gaussian distribution is also referred to as Mixture of Gaussians and 

Gaussian Mixture Model. It estimates the background model by modeling each pixel with a 

mixture of number of Gaussians. Generally model is parameterized by the mean, variance 

and also by probability of each component of the Gaussians. Figure 3.3 shows the Multi-

Variate Gaussian distribution. It combines all the simple models into a complex model. 

 

                     

 

   

 (3.10) 

 

where             is referred to as Gaussian distribution components and   is referred 

to as mixing coefficient. 
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FIGURE 3.3 Multi Variant Gaussian distribution for   =3 

 

 

Multi-Variate Gaussian distribution easily adopts the dynamic scenes and also handles 

gradual and sudden changes in illuminations. Further it can be expressed as, 

           
 

      
   

  

 
                   

(3.11) 

where           represent the normal distribution.   and   are the mean and covariance 

of the Multi-Variate Gaussian distribution. Figure 3.4 shows the flow chart of the proposed 

object detection and tracking algorithm. The algorithm is based on the Mixture of 

Gaussians. The proposed intrinsic improvements (modification made in the initialization, 

the maintenance and the foreground detection steps) of the Gaussian model make it robust 

to handle not only clutter and dynamic backgrounds but also efficiently handle partial 
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occlusions and shadows. Another improvement in terms of extrinsic improvements 

(external approaches/algorithms/tools to perform the results) can handle the dataset noise 

and outlier of the video sequences. An extrinsic improvement significantly improves the 

performance evaluation of the proposed algorithm.  

3.4.1      Frame Analysis 

Proposed algorithm shows that the every video sequence is to be converted into frames and 

algorithm requires initial known or unknown number of frames to develop the background 

model. If the initial frames of the video are clean or free from the moving object, it 

requires very few frames to develop background model. If moving object is present in 

initial frames, it requires some subsequent frames to develop background model. Our 

proposed algorithm uses probabilistic statistical Gaussian Mixture Model to estimate the 

background model for the foreground detection. 

3.4.2      Pre processing 

Pre processing is always been an important phase for the entire process. Pre processing not 

only improves the performance evaluation, but it also helps to reduce the execution time. If 

we could use monochrome images rather than colored image, it saves lots of processing 

time as color need three color channels instead of one 8 bit channel. In some video 

sequences like camera jitter, pan-Tilt-Zoom (PTZ), Low frame rate, change in illumination 

creates noisy images. To process all those sequences, image smoothness is required to 

reduce image noise and also enhance the detection and tracking accuracies.  

 

Sometimes non stationary backgrounds such as leaf’s floating, twinkling and gleaming of 

water surface etc. increases the detection and tracking complexities. To handle such 

challenges it is required to reduce the resolution by processing it through some filtering 

environment. Low pass filter suppresses all the high frequency components and provides 

smooth images with all the moving objects. The low resolution decreases the scattering 

noise and also reduces the false positives that are generated due to non stationary 

backgrounds. Noise type and variations in the intensity (indoor and outdoor) will choose 

the filter type. 
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FIGURE 3.4 Flow Chart of the Proposed Object Detection and Tracking Algorithm 
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In proposed algorithm Adaptive Local Noise Reduction filter will play a role of pre 

processing phase to reduce the dataset noises and outliers. The simple statistical measures 

of a random variable are its mean and variance. The mean of the adaptive filter gives a 

measure of average intensity in the region over which the mean is computed and the 

variance gives a measure of contrast in that region. The Adaptive Local Noise Reduction 

filter can be defined as,  

               
  

 

  
               (3.12) 

where,         is the filtered image and        is the noisy image.   
 ,   

  and    are noise 

variance, local variance and local mean respectively.  

 

Figure 3.5 indicates the improvements in the performance using pre processing. It 

compares the results with and without preprocessing approach for standard video dataset 

CD net 2014. In figure 3.5 first row has suffered with the dynamic background. The 

sequence is suffered with the high frequency noise due to floating of leaf. Result shows the 

improvements in handling the non stationary backgrounds. Second row indicates the video 

sequence suffered with the continuous camera jittering. Camera jittering leads to a 

background noises and such can be detected in the form of the false positives. Jitter noise 

can be reduced with the help of the low pass filtering technique. Adaptive Local Noise 

Reduction filter suppresses the high frequency noise and it will improve the detection and 

tracking accuracies. 

 

Third row represents the dynamic backgrounds suffered with the high frequency noise like 

twinkling and gleaming of water surface. Foreground is efficiently detected using the pre 

processing approach. It will significantly remove the non stationary background noises. 

Result shows that pre-processing approach handles all kind of non-stationary and dataset 

noises efficiently. Also it improves the foreground detection accuracy. 

3.4.3      Background Modeling 

Background model is generated with the help of Gaussian Mixture Model. This model 

consists of Background model parameter initialization, background maintenance and 

foreground detection. In our proposed algorithm certain Intrinsic improvements of the 
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model have been developed such as the Model parameters (             ) are initialized 

using the parameter optimization algorithm. 
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 Original Frame Without Pre processing After pre Processing 

FIGURE 3.5 Pre processing Improvements – CD net 2014 Dataset 

 

Such an algorithm develops parameters for all the sequences and proposed algorithm ably 

handles both the indoor and outdoor environment. Another improvement is made in terms 

robustness that detect foreground objects. For detection of the foregrounds, instead of 

predefined or multiple thresholding approach, adaptive thresholding achieves better 

segments and hence it leads to the robust foreground detection. 

 

Mixture of Gaussians 

The Gaussian Mixture model is parameterized by the mean vectors   , covariance matrices 

   and mixture weights   , the initial mixture model is represented by, 

              (3.13) 
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Each pixel of the background is characterized by RGB color space and models the each 

pixel               as a mixture of   Gaussian distributions. The probability of the 

current pixel value is expressed by the multimodalities as follows:  

           

 

    

                  (3.14) 

where,   is the number of Gaussian distributions,      is the weight of the  th
 Gaussian at 

time  ,      is the mean of the  th
 Gaussian at time  ,      is the covariance matrix of the  th 

Gaussian at time   ,   is referred to as frame index or time and   is the Gaussian 

Probability density function. 

The mixture weight      satisfy the constraints as follows: 

       

 

   

 

(3.15) 

 

The Gaussian Probability density function   can be expressed as follows: 

 

          
 

             
  

 

 
                

 
(3.16) 

Number of Components –   Gaussian Distributions:   determines the multimodality of 

the backgrounds. Memory and computational power also decides the Number of 

components, so it is also referred to as the Number of Gaussians distributions. The value of 

the components decides the model such as,  =1 referred to as Uni modal,   =2 referred to 

as Bi modal and   =3 to 5 considered as Multi modal. Usually, Number of distributions-   

is predefined. Various approaches like estimation with the help of online algorithm, 

stochastic approximation procedure, dynamic variations, ISODATA algorithm etc are 

available for the determination of number of distributions   . For the proposed algorithm 

  =3 (Multi modal backgrounds) remains fixed over the entire detection process.  

Parameter Initialization: Background model parameters        and the learning 

parameters         are initialized with the help of the parameter optimization algorithm. 

Figure 3.6 shows the detailed flow chart of the parameter optimization algorithm. For 

indoor and outdoor surveillance system, it is proposed in the literature that the parameters 
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can be initialized with the help of various approaches such as k-means algorithm, 

Expectation Maximization (EM) algorithm, background reconstruction algorithm etc. For 

every video sequence, our proposed algorithm estimates the model parameters and every 

time background model is initialized with the estimated parameters and hence proposed 

background model is able to handle clutter and dynamic background. Flow chart indicates 

that every time the initialization depends on the number of iterations and the ground truth 

image. The initialization is achieved with the help of the            - finds minimum of 

unconstrained multi variable function using derivative free method. After the initialization 

of entire set of parameters, load the mixture parameter file using the available parameters. 

For both the indoor and outdoor environment, the available parameters are optimized. 50 

iterations give optimum values of mixture parameters & time while if iterations are 

increased the algorithm takes more time with no significant difference in parameter values 

and if iterations are reduced the parameter values change significantly so, considering the 

tradeoff  between time and optimum parameter values number of iterations are set to 50. 

Foreground Detection: The process of foreground-background pixel classification is 

considered as foreground detection.  It is also referred to as foreground segmentation 

which divides a scene into foreground and background. Once the background model is 

initialized, a simple background subtraction of the current frame and background model 

leads to a foreground mask. Generally background consists with the help of the stationary 

objects such as road, building, plantations and it will remain stationary over entire 

detection and tracking process.  

Under the influence of the illumination variations and weather effects, it will simply 

change the pixels values of the stationary background pixels. In certain cases backgrounds 

such as leaf’s floating, twinkling and gleaming of water surfaces may actually move and 

wrongly consider it as a foreground objects. Actually, foreground object is the pixel of the 

scenes that are moving or likely to be move. Sometimes foreground objects can also be 

considered as a background if such moving object remains stationary for a long duration. 

The process of foreground detection is also referred to as motion detection. Figure 3.7 

shows an example of the foreground – motion mask. In foreground mask colors represents 

the detected motion. 

 



Background Modeling 
 

50 
 

 Video Sequence

+

Ground Truth

Initialize parameters vector

Generate Foreground Mask from 

Groundtruth

Optimize all parameters using 

fminsearch multivariable derivative free 

method 

No. of Iterations 

Iterations = Iteration + 1

Are Iterations 

over?

Use final value of all model parameters 

in modified GMM algorithm

No

Yes

 

FIGURE 3.6 Flow Chart - Parameter Initialization  

 

If the distribution shows more pixel weight and poor or weak variance, then it to belongs to 

background rather than to be considered as foreground. Therefore, the first   Gaussian 

distributions are considered as a background as it exceeds certain threshold limits as 

follows:   

                   

 

   

     (3.17) 
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Input Image Foreground mask 

FIGURE 3.7 Foreground mask for a scene  

(Area of motions are presented as color in foreground mask) 

   is a measure of the minimum portion of the data that should be accounted for by the 

background. If we select the small value of   , it will be considered as a single modal. If 

the value of    is very high then it will be considered as a multi modal. The value of   is 

highly sensitive to the scene environment, especially for the outdoor scene since it ties to 

the learning rate  . 

If the distribution does not satisfy, the above relation is to be considered as a foreground 

distribution. For the every new frame at time     match test is performed for every pixel. 

A pixel matches a Gaussian distribution if it satisfies the Mahalanobis distance: 

             
 
      

                     (3.18) 

 

where,   is constant threshold is equal to 2.5. where in      is a color feature of pixel of 

new frame at time    . 

After match test is found with one of the   Gaussian distribution, distribution is identified 

as a background and if it fails to match it, distribution is considered as foreground 

distribution. 

 

Foreground Detection Using Adaptive Threshold: Foreground segmentation is the 

process of pixel classifications among background and foreground. In literature, number of 

segmentation approaches are available such as intensity based, region based, texture based, 

edge based, motion based etc. Among all approaches intensity based threshold gives fast 
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and simple classification. Static threshold leads to certain difficulties i.e. if the threshold 

value is too large it will detect the moving objects that are actually not available in the 

ground truth, and it increases the false positives and hence system precision decreases. 

Sometimes large threshold value will fail to detect small color difference. On other hand if 

threshold value is too small then it will not detect the moving objects that are available in 

the ground truth, rather it will increases the false negatives and the system recall decreases. 

Sometimes low threshold will not be able to distinguish the foreground color if it is similar 

to background distribution and it also leads to unremovable noises. 

Instead of predefined threshold, adaptive threshold will handle all the constraints and also 

improves the performance evaluation. The adaptive threshold is expressed as,  

 

          (3.19) 

 

where,                       ,    is referred to adaptive threshold,     and 

    are referred to as foreground and background weights,     and     are referred to as 

foreground and background variance. 

The foreground and background weights are calculated as, 

    
        

   

   
   

 (3.20) 

    
          

   

   
   

 (3.21) 

where  = Image (frame) histogram,  = gray level and n= number of pixels. 

The foreground variance and the mean   is calsulated as, 

    
               

   

   
   

 (3.22) 

 

where,   
        

     

   
   

 and            

 

The background variance and the mean   is calculated as,  

    
                 

   

   
   

 
(3.23) 

   where,        
          

     

   
   

 and            
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One of our major contributions in terms of the intrinsic improvements of the model is to 

develop adaptive threshold techniques and provides appropriate selection of the threshold 

value for the better classifications among the background and foreground objects. Figure 

3.8 shows the motion segmentation under different constraints and it can be seen that the 

first sequence has suffered with the clutter and dynamic background such as baseline and 

leaf’s floating. As compared to ground truth adaptive threshold segments the moving 

vehicles efficiently. Second sequence has suffered with the Low Frame rates. For a Low 

Frame rate consisting video sequences, it would be pretty difficult to detect motion 

segmentation as scenes are changing very rapidly in every frame and it would create 

difficulty in generating background. The segmentation results are compared with ground 

truth and it shows the significant improvements. The third sequence has suffered with the 

dynamic background and the ability of the algorithm is to efficiently detect the moving 

objects under the dynamic and high intensity backgrounds. For every sequence the 

background model is developed and it has been continuously updated in every new pixel 

and frame. 

Background Model Maintenance/ Up gradation: Background maintenance is a process 

for updating the background model to adopt the scene changes over the entire process 

using on line IIR up-gradation algorithm. It is a learning process and must be achieved 

online at every pixel and frame level. Background can be updated by the maintenance 

component using previous background, foreground binary mask and the current frame. It is 

the process to adopt the changes occurred in the background, but it is not limited to 

backgrounds only. Sometimes model parameters need to be updated when a foreground 

remains stationary for a long duration. 

Literature provides different background maintenance schemes such as Blind, Selective 

and Fuzzy adaptive. For the parameter maintenance schemes, appropriate selection of 

learning rates, maintenance mechanisms and the model update frequency are the major 

issues. Highly reliable and good background maintenance model is required to adopt the 

extreme light variations and dynamic changes in the video sequence. 
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FIGURE 3.8 Results for Foreground detection using Adaptive threshold - CD net 

2014 Dataset 

 

After successful detection of the moving objects, background model parameters needs to 

be updated for every incoming pixels and frames. Using the matched test equation (3.18) 

pixel is classified as a background or foreground and then on the basis of classification, 

updation is required. If the match is found with one of the K Gaussian distribution, then the 

pixel belonging to background and the model parameters weight, mean and the variance 

needs to be updated. The new background model is estimated from the initial model and 

represented as follows:  
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               (3.24) 

 

where,   is referred to as initial model,    is new color frame and    is referred to as new 

updated background model,  

Learning Rate   and  : The model parameters are updated using the constant learning 

rate   and  .   is used to update the mixture weights while   is used to update the mean 

and variance. The learning rates are estimated using the parameter optimization algorithm. 

The learning parameters are also referred to as weighted value updated rate. The 

significance of the learning parameters is to quickly accommodate the scene changes and 

provides additional role to handle the scene dynamics.  Selections of the learning 

parameters are as follows: 

 Fixed or Dynamic 

 Statistical 

 Fuzzy 

For the fixed parameters it is used for all the sequences and it needs to be selected 

precisely. Statistical learning rates use different learning rates for the various Gaussians 

distributions. Using such approach it will lead to improve the processing speed and 

performance evaluation. For the Fuzzy approach, for each pixel fuzzy membership value is 

being obtained during the foreground detection and finally, it computes the learning rate. 

Actually the learning rate selection depends on the applications and certain applications 

algorithm requires fast enough to adopt the scene changes. In different applications, 

algorithm needs to store the temporal history of the pixels and it could only be achieved 

with the help of the slow learning rate. So, the entire selection of the learning rate depends 

on the application and for that our algorithm provides different learning rates for every 

sequence to adopt the changes as well as to save the important temporal history of the 

pixels. 

 

I. Pixel is belonging to Background: 

Once the match test is found, the pixel is classified as background, so it needs to update 

background model parameter such as weight  , mean    and variance  . 

Update weight using learning rate : 

Mixture weight is updated as follows: 
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                   (3.25) 

 

where,   is learning rate and it is very sensitive to scene dynamics and illuminations and 

its value is closely associated with the threshold,        is referred to as the updated 

mixture weight. 

Update Mean and Variance using learning rate : 

The mean and the variance are updated as follows: 

                        (3.26) 

where,        is referred to as updated mean. 

      
           

                               
 
 (3.27) 

 

where,       
  is referred to as updated variance and      is a color feature of pixel of new 

frame at time    . 

Where            and     
  are corresponding weight, mean and variance respectively. 

Where the learning rate is calculated as follows and its lower value will make the 

convergence slow. It is used to update current distributions and also reduces computation 

power and provides faster Gaussian tracking. 

                  (3.28) 

 

II. Pixel is belonging to Foreground: 

If the match test fails then the pixel is classified as foreground. For foreground pixel it is 

necessary to upgrade the mixture weight while the mean and variance of the background 

model remains unchanged. 

 

Update weight using learning rate  : 

Mixture weight under the foreground classification is calculated as follows: 

                 (3.29) 

where,       is referred to as updated mixture weight. 
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FIGURE 3.9 Significance of Learning Rate – Adopt scene changes 

The significance of the learning rate is beautifully explained with the help of figure 3.9. It 

shows that the learning parameters not only are able to handle scene dynamically in all 

three cases, but it also saves the important temporal history of the scenes. The result shows 

that the learning parameters handle low and high illumination efficiently and significant 

improvement also exhibits in the sudden light variations due to switch on-off. In 

comparison with the ground truth our proposed approach provides faster adaptation and at 

the same time also provides better detection and tracking accuracies. Since the learning 

rate is adapted from parameter initialization algorithm, for various environments a fixed 

value of learning comes. 

3.4.4      Post processing 

Once the foreground object is detected, it is required to reduce the noise remained in the 

foreground objects. Extrinsic Improvements emphasizes purely on improving the 

performance of the model and also to improve the results. The smallest among the isolated 
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segmented regions are removed and object regions are merged. In our proposed approach, 

Morphological Closing is used as a post-processing for the sake of reducing the foreground 

noise. Morphology operation is performed to fill small gaps inside the moving object and 

to reduce the noise remained in the moving objects.  

The morphological closing is dilation followed by erosion. 

In dilation, each background pixel that is touching an object pixel is changed into an object 

pixel.  

        
                                                         
                                                                                                    

  (3.30) 

 

In erosion each object pixel that is touching a background pixel is changed into a 

background pixel.  

        
                                                         
                                                                                                    

  (3.31) 

 

The significance of Erosion is to remove isolated foreground pixels. 

 

Figure 3.10 shows the effect of the post processing after the foreground detection. The 

result shows that the post processing fills the small gaps and also removes the isolated 

regions. In comparison to the ground truth, the result is significantly improved using post 

processing technique. The morphological closing - dilation followed by erosion improves 

the results by changing the background pixels to the foreground pixels that are associated 

with the foreground and erosion removes the isolated foregrounds. The results also exhibits 

that the post processing also reduces false positives generated by the video scenes and 

hence improve the system precision by means of the detection and tracking accuracies. 

3.5      3D Monocular Object Detection 

Estimating the 3D information from the monocular is a crucial task. From a monocular 

image, 3D reconstruction requires interpreting the pixels of the image as surfaces with 

depths and orientations. Generally, perfect depth estimates are not necessary; a rough sense 

of geometry combined with texture mapping provides convincing detail. Estimating depth 

from monocular image is an important task for the application such as robotic navigation
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Figure 3.10 Post processing – Morphological Analysis 

 

and autonomous driving assistance system. Figure 3.11 shows the flow chart for estimating 

the shapes and coordinates from the monocular image. Various approaches [9, 15, 70-96] 

are available to estimate the 3D information such as RGBD cameras, Stereoscopic 3D, 

CAD model, simple conversion from 2D to 3D and monocular 3D. People can easily 

estimate depth from monocular images. This is done using monocular cues such as texture 

variations, texture gradients, occlusion, known object sizes, haze, defocus etc. 
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FIGURE 3.11 Flow chart for the Monocular 3D object Detection and Tracking 

algorithm  
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3D object detection and tracking approaches have undergone remarkable improvements in 

recent years. Generally, all the approaches depend on depth sensors, feature points, texture 

and edge. 3D detection provides more robustness compared to 2D because 2D information 

does not provide altitude information. Moreover, usually researchers use appearance based 

and geometry based approach. In our proposed algorithm geometry based approach is used 

to estimate the 3D position and coordinates in monocular image. Monocular 3D object 

detection can also handle occlusion efficiently if the researcher utilizes the monocular 

multiview. The multiview estimates the depth cues strongly and in absence of altitude, it 

would be easy to detect object. For the absolute detection in monocular image, the 

proposed algorithm works under certain assumptions such as 

 Track objects from one camera. 

 Track objects offline. 

 Moving object distances can be taken up to certain level. 

 Objects of small Silhouettes are to be ignored. 

3.5.1      Foreground Voxel classification 

In 3D object detection and tracking in monocular sequence it is mandatory to classify 

foreground and background objects likewise 2D detection. 3D pixel is referred to as voxel 

and it can be expressed as            denoting the Cartesian coordinates of a scene.  

 

Classifications of the foreground voxels for the moving objects in monocular sequence are 

considered as the assumptions of the mutual distributions. The mutual distributions are 

expressed as       . where   is referred to as 3D coordinate of a foreground voxel 

and      .   is defined as the foreground region and their voxels are represents as the set of 

labels            .   is referred to as the number of objects. 

The joint or mutual and the conditional distributions can be shown as follows: 

                  (3.32) 

 

 where        is referred to as the likelihood function and      is referred to as the prior. 

The prior is used as a mixing coefficient in the Expectation Maximization frame work.  

The prior of the Expectation Maximization algorithm and one of the important model 

parameter is expressed as         and it must satisfy the following constraints: 
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 (3.33) 

Consider the 3D position of the moving object at time   and it is been expressed as   
 . 

The conditional probability of above equation (3.3) is considered as the conditional 

likelihood function and that it is defined as the probability of posterior distribution and   

given   
  and is given by  

             
   (3.34) 

 

where       
   is referred to as the semi parametric Probability Distribution Function 

(PDF) of which parameters are   
  and it represents the 3D silhouette of the object. 

If the silhouette of   remains unchanged from previous time     to    the voxel   belongs 

to   and to represent voxels belongs to dense foreground.  

 

For the maximum a posteriori – Expectation maximization (MAP-EM), define prior for the 

  
  as the multivariate Gaussian distributions,  

    
        

    
       (3.35) 

where,   
   referred to as the position of the object as   is near to     and   is referred to 

as the covariance matrix of the normal distribution. 

3.5.2      Maximum a posteriori – expectation maximization (MAP-EM) 

Expectation-maximization (EM) is an iterative process to calculate the maximum 

likelihood estimation of a given parameter. Usually Expectation-maximization (EM) is 

used to estimate the Gaussian Mixture models (GMM). Sometimes it’s also been used to 

learn the optimal mixture of fixed models. On the basis of the probability distributions use 

MAP-EM is used to classify the complete set of foreground voxel.  

 

For the complete set of 3D coordinates of the foreground, voxels are represented as  . Our 

main objective is to calculate the maximum a posteriori resolution for our proposed 

modified Gaussian Mixture models with the help of the defined probability distribution 

functions. 

The initial model parameters are expressed as follows: 
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   where      (3.36) 

Using Expectation-maximization and the iteratively derived the updated model parameters 

     from the current approximation   . Followings are the EM steps for 3D model 

estimation. 

 

E - Step: 

In estimation step calculate the posteriori distribution for the     and can be expressed as,  

Posteriori distribution of, 

   =           (3.37) 

where the entire foreground voxels belongs to the set of 3D coordinates        

 

M - Step: 

In the maximization step, calculate the       using the sum of the log likelihood Q-

function and the logarithm of prior. 

        
 

        (3.38) 

where,         can be further calculated as follows:  

                       (3.39) 

where         is referred to as the Q-function and        is referred to as the logarithm 

of the prior. The Q-function can be estimated from the following: 

 

                            

   

 (3.40) 

The above can be further simplified by the Bayes’ theorem as follows: 

                             

   

 (3.41) 

         
            

    
 (3.42) 

We further approximate the        using the prior       
   gives as follows: 
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 (3.43) 

 

Finally the 3D model parameters are updated as follows: 

The prior can be updated as:   
     

  

Object 3D position can be updated as:   
      

  

3.6      Results and Discussion 

In proposed algorithm, motion segmentation and 2D object detection can be achieved with 

the help of the statistical background subtraction technique (modified Gaussian Mixture 

Model). Proposed approach is applicable on both indoor and outdoor environment as well 

as it is able to handle various constraints. Figure 3.12 and 3.13 shows the 2D detection 

results. Figure 3.12 shows the detection results for the various outdoor video sequences. To 

investigate the performance evaluation of the proposed algorithm, it is being tested over 

the standard video datasets like ViSOR, CD net 2014 and PETS 2009. All the sequences in 

Figure 3.12 have suffered with the clutter background, high illumination, pedestrians are 

partial occluded, near and far field objects. In all video sequences proposed detection 

approach ably detects almost all the objects accurately. Statistical background modeling 

efficiently reduces the false positives and false negatives. 

Figure 3.13 shows the detection results for the indoor video sequences. Proposed algorithm 

is tested with the various challenging indoor video datasets like ViSOR, CD net 2014, 

CAVIAR and PETS 2006. All the sequences in Figure 3.13 have suffered with the partial 

occlusion, intermittent motion, highly indoor reflective surface, high illumination and 

thermal imaging with very low contrast. In all video sequences proposed detection 

approach ably detects almost all the objects accurately. Statistical background modeling 

efficiently reduces the false positives and false negatives. 

Results illustrate that the proposed algorithm efficiently handles both the environments and 

also able to take various challenges. The results provide the significant improvements in 

detection accuracies. 
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FIGURE 3.12 Object Detection – 2D for Outdoor sequences 
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FIGURE 3.13 Object Detection – 2D for Indoor sequences
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3.7      Summary 

This chapter proposed a modified approach by improving the background Gaussian 

Mixture model intrinsically and extrinsically. The proposed approach initializes the 

mixture parameters using the optimized parameter techniques to handle both the indoor 

and outdoor environment. This chapter includes the algorithms which detect the 

foreground objects in 2D and 3D monocular scenes. To improve the foreground detection 

several objectives have been aimed and proposed in this chapter. 

 

 Adaptive threshold makes the robust foreground detection in presence of the 

clutter, dynamic and non stationary background. 

 

 Adaptive Local Noise Reduction filter reduces the dataset noised and outliers and it 

also improves the performance evaluation parameters. 

 

 Post processing plays a vital role for the motion segmentation. The Morphological 

closing provides the better segmentation accuracy. 

 

 The Probability Density Function and the MAP-EM estimates the 3D foreground 

voxels and detects the 3D objects in monocular sequences. 

 

The proposed 2D and 3D object detection algorithm is evaluated on standard public video 

dataset CD net 2014 for both the indoor and outdoor environment where mixture models 

with semi parametric component distributions are used for 3D target shapes. The 

performance evaluation shows the significant improvements with reference to the available 

ground truth. The intrinsic and extrinsic improvements in the Gaussian Mixture Model and 

also in the learning parameters are able to handle the clutter, dynamic and varying light 

conditions efficiently. 
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CHAPTER 4 

Object Tracking 

4.1      Introduction 

Tracking is a process to follow the moving object in consecutive images to analyze 

behavior and to estimate the track path. Object tracking is an important challenging task in 

the field of computer vision and machine learning. Literature describes various approaches 

for object tracking. The main objective of an object tracking algorithm is to analyze the 

automated driving assistance, robot navigation and the major motivation is availability of 

high end computers with the high quality and low prize video cameras made it possible. 

The main aim of every video analysis is to detect the foreground object, track the moving 

object frame to frame and monitor the behavior of the moving objects. Some of the other 

applications of tracking are motion based object recognition, video indexing, multimedia, 

automated surveillance, traffic monitoring, vehicle navigation, vehicle and people 

counting, augmented reality, gesture recognition etc.  

 

The main purpose of tracking is to track the entire visible foreground or segmented objects 

and describes the trajectories for every tracked objects. Generally object tracking methods 

are categorized based on the object representation and feature used by the image. Further 

large number of object tracking approaches are classified into four different groups such as 

Contour based tracking, Feature based tracking, Model based tracking and region based 

tracking. Some may classify all the tracking approaches into three different groups such as 

Point tracking, Silhouette tracking and Kernel tracking. Sometimes object tracking 

approaches are also categorized as the deterministic and probabilistic approaches. 

Deterministic approach compares current frame/image with the object model and tries to 

search out the possible region and afterwards select the object. Mean shift filtering is an 

example of deterministic approach. Probabilistic approach uses the state space model for 

the tracking purpose. Particle filtering is an ideal example for the probabilistic approach. 
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So, the tracking can also be defined as the problem of estimating the trajectory of a 

foreground object in the frame or image plane.  

Object Tracking

Feature based

Contour based

Model based

Region based 

Deterministic

Probabilistic

 
 

FIGURE 4.1 Different Tracking Approaches 

Figure 4.1 broadly classifies the different tracking approaches, generally the literature 

describes that most of the tracking techniques falls in such groups. All the methods are 

categories in three approaches namely, Point tracking, Kernel tracking and Silhouette 

tracking. Object tracking approach follows two tasks, one is to define the appropriate 

model for the moving target and the other is to get acquainted about the moving object in 

the previous scene and create the predictions about the current scene. Recursively apply 

such technique to narrow down the error and update the tracking model at every scene. 

Usually researchers made certain assumption to get the motivation in motion tracking such 

as object motion is flat & without the sudden changes, object can be travelled at a constant 

speed, the algorithm is aware about the number of objects, object appearance, size & the 

silhouette of the objects. In actual practice different tracking algorithms have to meet with 

the certain challenges or constraints. 

 It would be difficult to track the object under the unconstrained motion of the static 

or moving cameras, because it leads to issues regarding the size, silhouette and 

intensity. Appropriate model is required to handle such dynamic variations. 

 Inter object occlusions or the occlusions due to stationary or non stationary 

backgrounds such as buildings, bridges, trees etc. creates serious issues in object 

tracking. 
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 Tracking would be more complex in an area where the camera view is restricted or 

the area is geographically scattered.  

 Imperfection of the object detection phase will also lead to an error in object 

tracking. 

 Noise in objects, non-rigid and uttered objects would also increase the tracking 

complexities.  

 Real – time tracking is also a challenging tracking task. 

 

Object tracking algorithms are used to track single or multiple objects. Generally point 

based Kalman and particle filtering gives moderate to high tracking accuracy and also 

provides the effective computational cost. The said approach is able to handle occlusions 

with the single or multiple objects. Kernel based mean shift and support vector learning 

can also handle the multiple objects, but it will provide less tracking accuracies. Kernel 

based approach handles partial occlusions efficiently. The silhouette based shape matching 

approach provides excellent accuracy at the cost of computational time. Silhouette 

approach handles multiple objects and able to track objects in partial and full occlusion 

environments.  

4.2      Kalman Filtering 

Kalman filtering is an amazing tool in order to estimate the predicted values. The Kalman 

filter is an optimal estimator. It recursively estimates the concern parameters from the 

tentative, indirect and erroneous observations. Sometimes it creates a confusion regarding 

the word filtering. It is actually not meant for the suppressing the data measurements, but 

to find out the best estimate from the noisy incoming data inputs. So, the filter is used for 

filtering out the data noise and predicts the best estimation. Some of the critical features of 

the Kalman filter are to provide excellent performance due to optimality, efficient to 

perform on real time application, formulation and implementation of filtering at ease 

makes it very popular. The Kalman filter is also known as a best linear estimator. 

 

Kalman filter is iterative mathematical process that uses a set of equations and consecutive 

data inputs. Interactive process quickly estimates the true value, position, velocity, etc. of 

the object being observed. The measured value contains unpredicted error, random error, 

uncertainty or variations.  To estimate the true value quickly, we need a bunch of data 
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inputs. The Kalman filter accepts few of the inputs from the bunch of data and narrow 

down to its true values by understanding the variations and uncertainty of the data inputs. 

The data coming in is not the true value but is somewhere around the true value. Kalman 

filter is also referred to as the sequential state estimation. Some of the important 

applications of Kalman filter are as follows: 

 

 Use of Radar to track targets i.e. missiles, aircrafts. 

 Global Position System (GPS) for satellite tracking, calculate the position and 

velocity of the satellite and unmanned vehicle tracking. 

 Navigation i.e. moving objects, autonomous driving assistance. 

 Various computer vision application i.e. video surveillance, depth and velocity 

measurements, feature and cluster tracking, image filtering. 

 Fault tolerant mechanism and data fusion.  

 Smoothing and phase looked loops (PLL) for space vehicle. 

 Robot localization. 

 

Error In Estimate
Error in Data / input 

(Measurement)
Previous Estimate Measured Value

Current Estimate New Error in Estimate

Original Estimate

Kalman Gain

Update Estimate 

Data input
Original error 

Estimate

 

Figure 4.2 Simplified Block Diagram – Kalman filter  

 

Figure 4.2 shows the generalized block diagram for the Kalman filter. Kalman gain, 

Current estimation and new estimation are the main blocks of the Kalman filter. Kalman 

gain can be calculated using the error in estimation and the error in the measurements. It is 

used to calculate the current estimation and new error estimation. Error in the estimation 
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depends on the estimation of the original error. Current state estimation can be calculated 

with the help of the Kalman Gain, the previous estimation and the measured value. The 

measured value strongly depends on the original bulk data inputs. Current estimate and 

Kalman gain helps to calculate the new error in estimate. Finally, each iterations of current 

estimate will generate the output in terms of the updated estimate. The Kalman filter is 

recursive process so new error in estimate is used to calculate the error in estimate and the 

iterative process will narrow down the error and estimates the true value quickly. 

Kalman filter requires three calculations to estimate the true value iteratively, 

 

 Kalman Gain 

 Current estimate 

 New Error in estimate 

4.2.1      Kalman Gain 

Kalman gain is an important parameter of the Kalman filter which helps us to understand 

the Kalman filter better. It is use to determine the new measurements in order to update the 

new estimate. The Kalman gain is defined as the ratio of the error in the estimate divided 

by the sum i.e. the error in the estimate plus (    ) the error in the measurement (    ). 

Usually the values of the Kalman gain are between 0 and 1. 

   
    

         
 (4.1) 

 

Where,    is referred to as Kalman gain,     is referred to as error in estimate and     is 

referred to as error in measurement. The gain would be between       . 

 

 Significance of Kalman Gain 

 

If the Kalman gain is large or higher enough such that its value is equal or close to 1 then 

its Measurements are fairly accurate and estimates becomes unstable or uncertainty tends 

to large which can be taken care by reducing the Kalman gain keeping the fair accuracy of 

the measurement. For the large Kalman gain measurement are accurate or the error in the 

measurement is very small it contributes much of the update to be estimated by the 

measurement.  
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If the Kalman gain is small equal or close to 0, it’s estimates are stable or accurate (low 

error) and measurements are inaccurate. For the small Kalman gain more weight is been 

put on the current and previous estimate to update the current estimate.  Over a time 

typically the size of the Kalman gain will becomes get smaller and smaller and getting 

closer and closer to the true value. So, the Kalman gain is used to zeroing in the true value 

either for the measurement or for the estimation of the position and velocity of the moving 

object. 

4.2.2      Current / New estimate 

A current estimate is defined as equality to the previous estimate plus the Kalman gain 

times the difference between the measured value and the previous estimate. 

                           (4.2) 

Where      and        are referred to as the current and previous estimate.    is referred 

to as Kalman gain and     is referred to as measurement. 

4.2.3      New Error in estimate 

Error in the estimate is calculated as the previous error in the estimate multiplied by error 

measurement and divided by the sum of the error measurement and the previous error in 

estimate.  

        
              

              
 (4.3) 

Where         and           are referred to as the error in the current and previous estimate, 

     is referred to as the error in the measurement.  

The error in the estimate is alternatively calculated as, 

                         (4.4) 

 

Where    is referred to as Kalman gain. 

4.2.4      Kalman filter Process Derivations – State Space Derivation 

R.E. Kalman [131] has published a paper in 1960 to provide the ultimate solution for the 

discrete data linear filtering. It is a mathematical iterative recursive estimation of the 
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process by using the consecutive previous observations and measurements to minimize the 

estimation error. The Kalman filter model addresses a process of estimating the state of a 

discrete time controlled process that is described by the linear stochastic difference 

equation [132]. 

                  (4.5) 

 and the measurement equation is defined as,  

          (4.6) 

Where table 4.1 shows the explanation of the symbols used in above equations.  

 

TABLE 4.1 Symbol Explanations –Kalman Filter 

 

Parameter Description Properties 

   State vector – important model parameter such as position, 

velocity etc. 

     

  State transition matrix - relates the state at the previous 

time step     with the current time step   

       

  Optional control inputs – transforms control vector to state 

vector (transforms force in to acceleration) 

       

   Control input vector (force, throttle settings)      

   It is a random variable defines the process noise. It 

assumed to be independent and normal probability 

distribution with covariance matrix   

    

        

   Measurement vector      

  State transformation matrix, maps into measurement 

domain 

       

   It is a random variable defines the measurement noise. It 

assumed to be independent and normal probability 

distribution with covariance matrix   

            

 

A prior state estimate of the state vector at time step   is denoted as,    
     and a 

posteriori state estimate of the state vector at step   given measurement    is denoted as  

      . 

A prior and a posteriori error can be defined as follows: 



Kalman Filtering 
 

75 
 

          
 

 (4.7) 

          (4.8) 

 

The a prior estimate error covariance matrix is calculated as follows: 

  
            

   (4.9) 

The a posteriori estimate error covariance matrix is calculated as follows: 

         
   (4.10) 

The Kalman filter computes an a posteriori state estimate    
 

 and a linear combination of 

and priori estimate     and a weighted difference between an actual measurement    and a 

measurement prediction H   
 

 as shown as follows: 

       
           

   (4.11) 

Where,   is referred to as Kalman gain and the difference         
   is referred to as 

innovation or residual.  

The above equation (4.11) is known as the current or new estimate for the filter process. 

The Kalman gain is also referred to as blending factor and it is used to minimize the 

posteriori error covariance. The Kalman gain s calculated as follows: 

   
  

   

   
     

 (4.12) 

Where   
    is referred to as error in the estimate and   is refereed to as the error in the 

measurement.  

Kalman filter is used to estimate the linear system where the state is assumed to be 

Gaussian. Figure 4.3 shows the recursive approach for the Kalman filter. Process shows 

that how iterative process will quickly estimates the true value by narrow down the errors. 

The Kalman gain, the current estimation and the new error in estimation equations are the 

three major equations of the Kalman state space derivations.  

The error in the estimate can be calculated as follows: 

   
  

   

  
   

 (4.13) 
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FIGURE 4.3 Kalman filter – Recursive Approach 

Where     is referred to as the previous error in estimate and   is referred to as the error in 

the measurement. The error in the estimate can also be calculated as follows: 

            
  (4.14) 

The Kalman filter is used only for the linear state space equations. It cannot handle non 

Gaussian distributions. For the non linear equation, particle filter provides best solution to 

the tracking problem. Extended Kalman filter efficiently handles all the issues which are 

associated with the Kalman filter and also provides solutions to non-linear stochastic 

difference equations. Kalman filter is used to calculate the future positions for the occluded 

objects. 

 The Kalman filter estimates the process state at some time and then obtains feedback in 

the form of (noisy) measurements. The complete operation of the Kalman filter is broadly 

classified into two stages: 

Time update: The time update uses the current state and Error covariance estimates to 

obtain the a priori estimates for the next/ahead time step operation. It is also referred to as 

Predictor or Prediction stage. 

Measurement update: The measurement update used a prior estimate to compute the 

posterior or new error in estimation. It is also referred to as corrector or correction stage. 
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Figure 4.4 Kalman state diagram - Prediction and Correction stage 

Figure 4.4 shows the prediction and correction stage for the Kalman filter. It also shows 

the iterative and recursive linear approach to minimize the means of squared error.  

4.3      Results and Discussion 

In proposed algorithm, motion segmentation can be achieved with the help of the statistical 

background subtraction technique and the segmented foreground is tracked with the help of 

recursive Kalman filter approach. Proposed approach is applicable on both indoor and 

outdoor environment as well as it is able to handle various constraints. Figure 4.5, 4.6, 4.7 

and 4.8 shows the tracking results. Figure 4.5 shows the tracking results for the various 

indoor video sequences. To investigate the performance evaluation of the proposed 

algorithm, it is being tested over the standard video datasets like ViSOR, CD net 2014 and 

CAVIAR.  

First indoor sequence has suffered with the varying lighting conditions, second sequence is 

under the constant illumination but it is fully suffered with the static occlusion and third 

sequence is suffered with the clutter background and heavy reflective surface. In all video 

sequences proposed tracking approach ably detects and tracks almost all the moving 
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objects accurately. Statistical background modeling efficiently reduces the false positives 

and false negatives. 
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FIGURE 4.5 Indoor Tracking 
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FIGURE 4.6 Outdoor Tracking 
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Figure 4.6 shows the tracking results for the outdoor video sequences. Proposed algorithm 

is tested with the various challenging outdoor video dataset. First sequence is an outdoor 

clutter background video sequence, second sequence is a dynamic background with a 

continuous leaf floating and weaving and last one is a very low contrast low frame rate 

video sequence. In each sequence, the proposed tracker can ably track the slow and fast 

moving objects as well as efficiently detects the partial occluded moving objects. Results 

illustrate that the proposed algorithm efficiently handles the various challenges and also 

provides the significant improvements detection and tracking accuracies. 

FIGURE 4.7 Near Field, Mid Field and Far Field Objects Tracking 

Figure 4.7 show the tracking results for the near, mid and far field moving objects. To 

investigate the performance evaluation of the proposed algorithm, we have used couple of 

standard outdoor video sequence ViSOR. First sequence clearly tracks the near and mid 

field moving objects. The second sequence shows that the tracker can efficiently track the 

far field objects. Tracking results show that proposed algorithm efficiently track objects 

under the dynamic and outdoor clutter environment. It is also able to handle the stationary 

and non stationary backgrounds. 
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FIGURE 4.8 3D Tracking 

Figure 4.8 shows results for the monocular 3D object tracking. Proposed algorithm is 

tested with the standard indoor outdoor video datasets like PETS 2009, APIDIS and 

ViSOR. In first sequence the pedestrians are clearly detected. Second sequence is the most 

challenging video dataset and proposed algorithm tracks the moving objects under the 

shiny and reflective surface. In third video sequences again the moving objects are ably 

detected under the slow illumination variations. Results indicate that for monocular 3D 

object tracking, the proposed algorithm is able to handle various constraints. 

Figure 4.9, 4.10 and 4.11 shows the more results for 2D and 3D object detection and 

tracking results in outdoor and indoor environments. Figure 4.9 shows the tracking results 

for the various outdoor video sequences. To investigate the performance evaluation of the 

proposed algorithm, it is being tested over the standard video datasets like ViSOR, CD net 

2014 and PETS 2009. All the sequences in Figure 4.9 have suffered with the clutter 

background, high illumination, pedestrians are partial occluded, near and far field objects. 

In all video sequences proposed tracking approach ably tracks almost all the objects 

accurately. Statistical background modeling and recursive kalman filtering approach 

efficiently reduces the false positives and false negatives. 
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FIGURE 4.9 Object Tracking – 2D Outdoor sequences 
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FIGURE 4.10 Object Tracking – 2D Indoor sequences 
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FIGURE 4.11 Object Detection and Tracking - 3D Indoor and Outdoor sequences 

Figure 4.10 shows the tracking results for the various indoor video sequences. To 

investigate the performance evaluation of the proposed algorithm, it is being tested over 

the standard video datasets like ViSOR, CD net 2014, CAVIAR and PETS 2006. All the 

sequences in Figure 4.10 have suffered with the partial occlusion, intermittent motion, 

highly indoor reflective surface, high illumination and thermal imaging with very low 

contrast. In all video sequences proposed tracking approach ably tracks almost all the 
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objects accurately. Statistical background modeling and recursive kalman filtering 

approach efficiently reduces the false positives and false negatives. 

Figure 4.11 shows the detection and tracking results for the 3D indoor and outdoor video 

sequences. To investigate the performance evaluation of the proposed algorithm, it is being 

tested over the standard video datasets like APIDIS, ViSOR and PETS 2009. All the 

sequences in Figure 4.11 have suffered with the partial occlusion, intermittent motion, 

highly indoor reflective surface, high illumination and partial occluded pedestrians. In all 

video sequences proposed 3D object detection and tracking approach ably detects tracks 

almost all the objects accurately. Statistical background modeling, SP PDF, MAP-EM and 

recursive kalman filtering approach efficiently reduces the false positives and false 

negatives. 

4.4      Summary 

This chapter proposed an object linear object tracking approach using Kalman filter. It 

includes the various tracking strategies and also presents the efficient recursive analytical 

tracking approach with the help of the discrete Kalman filter. Among all approaches 

Kalman provides the fast and efficient tracking accuracies. It estimates the spatial 

dependent physical parameters in the presence of noise processes using previous and 

current measurements. For a linear system, Kalman filter finds the correct estimation in 

presence of the white Gaussian noise and focuses on following important features, 

 To predict the future location of the moving target 

 Reduce noise introduced by uncertainty or inaccurate detections 

 Provides the trajectories to the single or multiple objects 

 

The proposed tracking approach has been evaluated on standard video datasets for both 

indoor and outdoor environments. The results show the significant improvements in 

handling the various challenges and tracking accuracies. Performance evaluation shows 

that the proposed algorithm tracks moving objects in the near, mid and far field efficiently.  
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CHAPTER 5 

Results and Discussion 

5.1      Introduction 

The performance of the proposed object detection and tracking algorithms for the two 

dimensional and monocular three dimensional objects are presented in this chapter. The 

proposed algorithm is evaluated using the number of challenging standard outdoor and 

indoor datasets with a stationary camera. All the presented work and evaluations were 

carried out in offline processing with computation done by a single laptop computer 

including Intel core i3 (5
th

 Generation), 4GB RAM and MATLAB
®
 2013 serving as 

software environment. The performance evaluation of the proposed algorithm is tested 

using the standard performance evaluation matrices and compare the results with other 

similar approaches. The first section of this chapter presents the various datasets, dataset 

challenges, dataset details and performance evaluations measures. In second section, the 

foreground detection is been carried out and compared it with the other similar approaches. 

This section also presents the various other measures to justify the Multiple Object 

Detection Accuracy. The third section of this chapter represents the robustness and 

effectiveness of the tracker’s performance and also compares Multiple Object Tracking 

Accuracy results with other similar approaches. In next section, the performance 

evaluation of the algorithm has been tested using the Precision – Recall (PR) curves and 

miss rate detector. In last section of this chapter, the performance evaluation of the 

proposed algorithm exhibits by significance of the Mean Square Error plot for the object 

detection.  

5.2      Datasets 

Proposed algorithm is evaluated with the standard and personal indoor and outdoor 

datasets. Table 5.1 summarizes the various standard outdoor and indoor datasets while 
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table 5.2 summarizes the datasets particulars. Every datasets are addressed with certain 

challenges. 

TABLE 5.1 Dataset 

Standard Datasets 

Outdoor Sequence No. of Videos Indoor Sequence No. of Videos 

CDnet2014 [135]  26 CAVIAR [144]  02 

PETS 2009 [136]  04Views CDnet2014  03 

i-LIDS [137]  02 ICG- Lab - 6 [145]  06 

MIT Traffic [138]  05 APIDIS [146]  07Views 

MOT Challenge – 

Light Switch [139]  
02 ViSOR  05 

PETS 2000 [140]  01 VSSN 2006 02 

PETS 2006 [141]  01   

ViSOR [142]  10   

VSSN 2006 [143]  04   

Personal Datasets 

Outdoor Sequence 18 Indoor Sequence 25 

 

5.3      Dataset Challenges 

The proposed system incorporates several dataset to test the proposed object detection and 

tracking algorithm, letting in object extraction (Image segmentation and analysis). The 

following list consists of demanding disputes that requires to be addressed in order to 

obtain a fruitful and fortunate surveillance system. 

 

 Light and Weather Conditions: Alterations in lightning conditions of the road 

impacts the way in which vehicle and pedestrian seems. As the day passes, the 

lighting conditions gradually changes from a bright sunny day to a gloomy day and 

such variations for early condition may lead to possible results like greater 

reflections off the metallic body of moving vehicles and later condition makes the 

result to seem the moving vehicle darker leading a mixture with a dark 
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beleaguering. Thus, it makes the toughest challenges to make sections of the 

vehicle out of the image due to pixel color alterations. 

 

TABLE 5.2 Dataset Particulars 

Sr. 

No. 
Particulars Details 

1 Video file formats .avi, .mp3, .mp4, .3GP,  

2 Frame format .jpg, .png  

3 Frame size 
                                 

                 

4 Sequence Speed  10, 11, 12, 18, 20, 25, 30 (Frame Per Second) 

5 Ground truth .png, .bmp, .txt 

6 Sequence length 150 to 9000 frames 

7 Video qualities day light, night light, low and high contrast 

8 Camera Views Aerial, Ground and Roof top 

9 Occlusion With partial and without occlusion 

10 No. Of Objects Single or multiple objects 

11 Noise level Low (Indoor), Medium (Outdoor), High (Outdoor) 

12 Shadow Size Small, Medium, Large, very large 

13 Object Scale Near field, Mid field, Far field 

14 Object Class Road Vehicle, Boat, People, Animal and other 

 

 Image Noise: Image Noise is also one of the arising disputes. Thus, when the 

atmospheric conditions are not pleasing and since the data has been compiled about 

the urban environment that has been acted with a common video camera which 

might not have the high resolution leading to oscillations into images.  

 

 Image resolution: In order to economies and save memory space, there is a need to 

operate executions on camera with low resolutions. Generally, elderly camera 

abides of lower resolution video recording and hence it tends to be pragmatic for a 

surveillance system that should be able to accompany a wide range of dissimilar 

images or video resolutions. 
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 Camera Perspective (Positions): when camera’s bestriding on dissimilar perches 

and transcription of information (data) done on unlike segments of highway and 

 intersections possible might lead to alter in its position, zoom and height on basis of 

one perch to another. 

 

 Background Clutter: Background fuddles of clutter are incorporated in most real-

world scenes like trees, edifice, traffic lights, trash cans etc. which tends 

segmentation and extraction to a much more difficult and challenging scenario 

especially when it incorporates multiple objects. 

 

 Occlusion: Several types of occlusion may take place with respect to dependence 

on the camera’s perspective. Some portions of the moving vehicle may be blurred 

by another moving vehicle, if the altitude of camera is depleted. In addition, some 

objects (moving vehicle or pedestrian) may exist amongst the camera and road (e.g. 

trees) that has occluded the sight of other moving objects. 

 

 3D Information Loss:  All the 3D data is tightened together into 2D data at once 

as soon as the information recorded by camera is done. Hence, no longer had the 

data information related to depth and altitude is present in 2D images. 

 

 Multiple Tracking: Difficulties are created at once to retain track information for 

all moving objects along with accompanying of storing records per object when it 

has a visual encompassing a huge number of moving objects. Trouble grows 

because of the disputes bearing to systems that tracker required to be dependent on, 

known as recognition system that confronts occlusions, interclass variations, 

viewpoint challenges and information loss disputes including segmentation system 

that confronts various disputes in weather conditions, occlusions and image noise. 

5.4      Performance Evaluation Measures 

The performance evaluation of the proposed system is been measured with the standard 

evaluation matrices and the same is been used to compare with the other similar 

approaches. Table 5.3 summarizes the various performance evaluation measures. 
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TABLE 5.3 Performance Evaluation Measures 

Sr. 

No. 
Parameter evaluation Equation  

1 Recall 

  

       
 

2 Precision 

  

       
 

3 
Multi Object Detection 

Accuracy 
       

     

     
 

4 
Multi Object Tracking 

Accuracy 
       

             

    
 

5 Similarity Measure 
                         

  

    

 

    

 

6 False Positive Rate 
    

  

       
 

7 False Negative Rate 
    

  

       
 

8 Detector failure Rate 
Miss rate (FN) v/s FPPI  

(False Positive per Image) 

 

5.5      Object Detection 

In this section, the performance evaluation of the proposed background modeling and 

algorithm for the two dimensional foreground detection is evaluated using the Multiple 

Object Detection Accuracy (MODA). By comparing the foreground mask with the ground 

truth data and different evaluation metrics such as Recall, Precision, False Negative Rate, 

False Positive Rate are used to present the detection accuracy. 

 

Comparison of the proposed algorithm is done with various approaches and it is done with 

reference to two different perspectives. 

1. Foreground Detection 

2. Measurement value of performance evaluation parameters 
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5.5.1      Comparative Analysis – Foreground Detection 

The proposed approaches are tested using the standard indoor and outdoor datasets and the 

results are compared with the standard similar approaches with the ground truth. Figure 

5.1, Figure 5.2, Figure 5.3 shows the comparative of the proposed algorithm with the other 

similar approaches for the challenging dataset CD net 2014.  CD net 2014 contains 11 

various video dataset with each dataset contains 4 to 6 video sequences and it contains the 

sequence length from 600 to 7400 frames. The experimental results in figure 5.2, figure 5.3 

and figure 5.4 shows the evaluation of the proposed method wherein the method is 

evaluated on various datasets of CD net 2014 which contains bad weather, base line, 

camera jitter, dynamic background, intermittent motion, low frame rate, shadow and 

turbulence. The results of the proposed algorithm is compared with the other similar pixel 

based Gaussian Mixture Model (GMM) [1], Adaptive Gaussian Mixture model (AGMM) 

 [8], Codebook [6], Pixel Based Adaptive Segmenter (PBAS) [7] approaches and region 

based Kernel Density Estimator (KDE) [5] approach [12]. 

 

Figure 5.1 shows the comparative analysis of the proposed algorithm for the Bad weather, 

Baseline and Camera jitter video sequences. The result indicates that for the Bad weather 

sequence, the proposed approach PBAS and GMM outperforms the other results. With 

increases in the number of distribution K=4, AGMM provides the enhanced performance 

as compared to others. In low resolution videos, Codebook almost fails to detect the 

foreground objects.  
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FIGURE 5.1 Foreground Detection result for Bad weather, Baseline and Camera 

jitter videos from CD net 2014 dataset 



Results and Discussion 
 

92 
 

O
ri

g
in

al
 

F
ra

m
e 

   

G
ro

u
n
d
 

T
ru

th
 

 

 

  

G
M

M
 

   

K
D

E
 

   

P
B

A
S

 

   

C
o
d
eb

o
o
k

 

   

A
G

M
M

 

   

P
ro

p
o
se

d
 

   

 Dynamic Low frame rate Shadow 

 

FIGURE 5.2 Foreground Detection result for Dynamic background, Low frame rate 

and shadow videos from CD net 2014 dataset 
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 Intermittent motion Thermal Turbulence 

 

FIGURE 5.3 Foreground Detection result for Intermittent motion, Thermal and 

Turbulence videos from CD net 2014 dataset 
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In next Baseline video sequence, the background is stationary and suffered with the leaf’s 

floating. The results depict that almost all methods segment the foreground objects. KDE 

and Codebook are not able to handle the non stationary backgrounds such as leaf’s 

floating. GMM and AGMM equally detect the foreground objects while the proposed 

approach shows the significant improvement in the segmentation compared to all other 

approaches. For the camera jitter video sequence, all the approaches segment the 

foreground objects and compare to GMM, KDE and AGMM proposed approach it 

provides excellent performance in presence of the noise and non stationary backgrounds. 

The cumulative results indicate that the proposed algorithm is able to handle stationary & 

non stationary backgrounds and is able to handle the dataset noises. 

 

Figure 5.2 shows the comparative analysis of the proposed algorithm for the Dynamic 

background, Low frame rate and Shadow video sequences. The result indicates that for the 

Dynamic sequence among all approaches proposed, AGMM and Codebook approaches are 

more effective. The background modeling for the dynamic sequence is able to deal with 

uninteresting movements in the background. Result indicates that the PBAS approach fails 

to handle the dynamic backgrounds. The robustness of the algorithm depends on the 

background modeling, which is able to handle the low frame videos equally well. For the 

Low frame rate video sequence, almost all the approaches ably detects the foreground 

objects and as compared to other approaches GMM, AGMM and proposed approach is 

able to handle the low frame rate videos. Due to maintenance of the learning parameters 

the background model is able to handle the low frame rate video efficiently. To deal with 

the shadow, background model is required to indentifies the shadow pixels and classify 

them as a background pixel. For the shadow video sequence the results depicts that the 

proposed approach, GMM and AGMM ably handle the shadows of the foreground objects. 

Again PBAS fails to detect the foreground objects in presence of the shadow. The 

cumulative analysis indicates that the proposed algorithm ably handles the non stationary 

dynamic backgrounds as well as it handles the low frame rate videos efficiently. The result 

also indicates that the proposed algorithm efficiently handle the low density moving 

object’s shadows. 

 

Figure 5.3 shows the comparative analysis of the proposed algorithm for the intermittent 

motion, thermal and turbulence video sequence. The result indicates that for the 

intermittent video sequence, all the approaches are able to detect the foreground objects 
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but among all approaches KDE gives the significant improvements. The GMM, AGMM 

and proposed approaches provide equally well foreground segmentation. The thermal 

video sequence is captured with the infrared camera. Codebook fails to detect the 

foreground objects. AGMM and proposed algorithm results are closer to the ground truth 

data. For the Turbulence video sequence almost all the approaches provides same 

foreground objects. Compared to all other approaches, PBAS results are closer to ground 

truth data. The critical comparative analysis shows that the proposed algorithm handles the 

clutter background and intermittent motion of the objects. The result also justifies the 

robustness of the algorithm by handing challenging thermal and turbulence video 

sequences. Hence the detection accuracy is computed by comparing the foreground mask 

with the ground truth. 

 

5.5.2      Performance Evaluation metrics 

The performance evaluation of the background modeling is tested using the evaluation 

metrics such as Recall, Precision, False Positive Rate (FPR) and False Negative Rate 

(FNR). It also presents the foreground detection accuracy.  

Figure 5.4 to Figure 5.7 shows the comparison of the proposed algorithm of the various 

evaluation metrics and it is done with other similar approaches like pixel based GMM, 

Codebook and Region based KDE approach. The comparison is done for ten standard 

datasets of CDnet2014 and following are the observations,  

 

1. Proposed algorithm outperforms all other approaches in terms of performance 

evaluation metrics. 

2. Proposed algorithm gives significant improvements as described below: 

 In case of Recall (Figure 5.4), proposed algorithm shows significant 

improvements for the Bad weather, Base line, Turbulence & Thermal 

Datasets and for the Shadow, PTZ and intermittent motion shows the 

remarkable achievements. 

 

 In case of Precision (Figure 5.5), proposed algorithm shows significant 

improvements for the Dynamic background, Low frame Rate and Baseline 

Datasets. Proposed algorithm for the intermittent motion and Shadow shows 

the marginal improvements. 
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 In case of False Positive Rate (Figure 5.6), proposed algorithm shows 

significant improvements for the Bad weather and Shadow Datasets. 

Proposed algorithm for the Dynamic background and Thermal sequences 

shows the marginal improvements in the reduction of the False Positives. 

Proposed algorithm provides worst results in case of the PTZ and Camera 

jitter video sequences. 

 

 In case of the False Negative Rate (Figure 5.7), proposed algorithm shows 

significant improvements for the Bad weather, Dynamic Background and 

Low Frame Rate Datasets and results shows the marginal decreases in the 

False negative in Shadow, PTZ and Baseline Datasets. 

 

3. Proposed algorithm gives appreciable performance measures in case of various 

constraints.  

4. Proposed algorithm is able to handle various dataset challenges. 

 

FIGURE 5.4 Recall Results 
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FIGURE 5.5 Precision Results 

 

 

FIGURE 5.6 False Positive Rate 
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FIGURE 5.7 False Negative Rate 

5.5.3      Multiple Object Detection Accuracy (MODA) 

The performance evaluation of monocular 3D objects detection can be evaluated using the 

evaluation metric Multiple Object Detection Accuracy (MODA). The performance of the 

proposed algorithm and the detection accuracy of the foreground voxel is compared with 

the other similar monocular 3D approaches.  

 

TABLE 5.4 Multiple Object Detection Accuracy (MODA) Results 

 

Sequences Vol. Mass[10] POM [11] GP [9] Proposed 

APIDIS 0.685 0.5453 - 0.8697 

PETS 2009 0.719 0.787 0.6789 0.738 

LEAF 2 0.7630 0.8437 - 0.8329 

MUCH 0.7503 0.7867 - 0.77310 

PETS 2006 0.618 0.446 0.472 0.639 
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The performance evaluation of the monocular 3D object detection algorithm is evaluated 

using the standard indoor and outdoor datasets. The details of the various datasets are as 

follows: 

 

APIDIS:  The public dataset APIDIS indicates a basketball game monitored by 7 different 

cameras with a video length of one minute. A sequence contains various challenges such as 

similar appearance, partial occlusion, heavy reflective surface and dense shadow. For the 

performance evaluation the method considered only left half of the court with tracking 

result region is assumed to be        . 

  

LEAF 2 (ICG – Lab - 6): This dataset contains different six different video sequences. 

LEAF 2 is one of them, which shows an interesting leapfrog game. In this sequence the 

players move three dimensionally by leaping over each other’s stopped backs. This is 

indeed a challenging sequence as it becomes difficult to pose players, abrupt and out-of-

plane motion, collisions and partial occlusion among players. 

 

Musical Chairs (MUCH): In this sequence, four people are playing musical chairs and 

one moderator manages the game. The objects are moving fast and created a crowded 

situation. Typical game rules consist of scenes with dynamic and cluttered environment. 

The biggest challenge is to eliminate the “moderator”, who is to be considered as a static 

foreground.  

 

PETS 2009 and PETS 2006: For the pedestrian detection, proposed algorithm is 

evaluated with the standard dataset of Performance Evaluation & Tracking and 

Surveillance (PETS). For the PETS 2009 S2-L1 dataset, the proposed algorithm considered 

View 1 with the tracking result region assumed to be         and PETS 2006 S7-T6 

view 3 with the tracking result region assumed to be        at a tolerance of   . 

 

Figure 5.8 shows the comparative graphical representation of the different sequences. 

Proposed algorithm is tested with the standard challenging datasets and is compared with 

the other similar approaches for the three dimensional monocular object detection.

 

 



Results and Discussion 
 

100 
 

 

FIGURE 5.8 Multiple Object Detection Accuracy (MODA) Results 

5.6      Object Tracking 

In this section, the performance evaluation of the proposed Tracker algorithm for the two 

dimensional Objects and three dimensional Monocular Objects are evaluated using the 

Multiple Object Tracking Accuracy (MOTA) and also tracking results are compared with 

other similar approaches. The proposed tracking algorithm is also evaluated with the 

standard evaluation metrics such as False Positives, False Negative, True Positive and 

Identity switch or mismatch are used to present the tracking accuracy. 

5.6.1      Two Dimensional Object Tracking 

The proposed tracking algorithm is evaluated using the standard and personal video 

datasets. The proposed algorithm is tested using the challenging indoor and outdoor video 

sequences. For the indoor sequences, table 5.1 presents the various sequences like CD net 

2014, ViSOR and CAVIAR. Figure 5.9 shows the tracking results of the indoor sequences 

under the various constraints.  
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The result of Figure 5.10 depicts the various outdoor sequences handling the various 

challenges. Figure 5.11 shows the results of indoor and outdoor monocular 3D object 

tracking under various constraints. Critical comparative analysis among the 2D and 

monocular 3D is shown in Figure 5.12.  

 

Figure 5.9 shows the tracking results for the indoor video sequences. Algorithm robustness 

can be exhibited using the three challenging dataset. First sequence contains the clutter 

background, heavy reflective surface and intermittent motion of the objects. Result shows 

that for the entire sequence, proposed algorithm tracks each and every moving object 

accurately and at the same time, if the foreground object remains stationary for a long 

duration then it becomes a part of the background.  

 

A second sequence is taken from a roof top which contains heavy illumination variations 

with the clutter background. The proposed algorithm is able to handle such challenges and 

it also tracks the moving objects efficiently in entire video sequence. In certain frames due 

to variations in lighting, algorithm generates false positives. The third video sequence 

contains the constant illumination with the heavy static occlusion and clutter background. 

Proposed algorithm is able to handle occlusions. The cumulative indoor tracking analysis 

of standard and own dataset indicates that the proposed algorithm is able to deal with the 

challenges like sudden light variations, partial occlusions, clutter background and the 

camera perspective. 

 

Figure 5.10 shows the results for the outdoor tracking. Proposed algorithm is tested using 

the various standard and personal datasets. First sequence contains the light variations, 

static occlusions and non stationary background. For the entire sequence, proposed 

algorithm is able to handle various challenges and it also tracks almost all the moving 

objects efficiently. A result shows that tracker is able to track the far field object 

accurately. Second sequence contains the constant bright illumination with the dynamic 

and clutter background. A Result also exhibit that in almost all cases, proposed algorithm 

handles dense shadows and at the same times it is also sensitive enough to generate the 

false positives. Third sequence is from the very challenging MIT traffic dataset. Sequence 

contains the slow and fast moving vehicles along with the pedestrian. 
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FIGURE 5.9 Indoor Tracking Results 
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FIGURE 5.10 Outdoor Tracking Results  
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Proposed algorithm is able to handle the vehicle and pedestrian flow accurately. Tracking 

result for the frame number 328 shows that if the moving object remains stationary for the 

longer duration, it would appear as a background. The ability of an algorithm is to track the 

near field, mid field and far field objects efficiently.  

5.6.2      Monocular Three Dimensional Object Tracking 

The proposed tracking algorithm is evaluated using the standard video datasets and 

performance metrics. Figure 5.11 shows the results for the Monocular 3D object tracking. 

The proposed algorithm is tested using some of the challenging video dataset like APIDIS 

and PETS 2009. First sequence contains various challenges such as light variation, clutter 

background, crowded scene and dynamic background. For the tracking results, assumption 

is the region of to be         with the tolerance of   . The proposed algorithm ably 

handles all the various challenges. For the 3D detection and tracking, depth is required. In  

case of monocular object, depth is predicted from the object motion and hence the 

proposed algorithm generates more false negatives compared to that of 2D tracking as it 

would not be able to detect the far field moving objects. Second sequence contains the 

heavy reflective surface with the objects of similar appearance, clutter and dynamic 

background. The proposed algorithm is able to track the objects with the similar 

appearance. Proposed algorithm fails to suppress the dense shadow created due to heavy 

reflective surface. Proposed algorithm also generates greater amount of false positives and 

hence it reduces the tracking precision. The cumulative performance represents that the 

proposed algorithm is able to handle all the challenges with enough number of false 

positives. 

5.6.3      Comparative Tracking Analysis 

Figure 5.12 shows the critical comparative analysis for the 2D object tracking and 

Monocular 3D object tracking. For the first sequence, 2D tracking algorithm generates 

more False positives as compared to 3D and 3D monocular tracking algorithm generates 

more False negatives as compared to 2D. For the first sequence, in frame 538 and frame 

741, proposed 3D algorithm fails to detect several pedestrians. Both algorithms are able to 

handle the various constraints and challenges. 
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Frame   

368 

   

Frame  

538 

   

Frame 

 741 

   

 Original Frame Best background Tracked Object 

 PETS 2009 – Dataset 

Frame   

68 

   

Frame  

134 

   

Frame 

 302 

   

 Original Frame Best background Tracked Object 

 APIDIS – Dataset 

 

FIGURE 5.11 Monocular 3D Tracking Results 
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In second sequence, the proposed 2D algorithm is very sensitive to light variations and 

hence it leads to false positives and it’s been observed in the frame results. 3D algorithm 

does not create false positives but at the same time it fails to detect the moving objects i.e. 

frame 68 and 134. The comparative analysis shows that both the algorithms are able to 

handle all the challenges and both equally handle the constraints.  

 

Comparative analysis shows that there is a tradeoff in Recall and Precision among the 

proposed algorithms. The proposed 2D algorithm is sensitive to light variations and hence 

lead to more false positives and it ultimately reduce the tracker Precision. On the other 

side, proposed 3D algorithm estimates relative depth and hence leads to generate more 

false negatives and it will reduce the tracker Recall.  

5.6.4      Multiple Object Tracking Accuracy (MOTA) 

The proposed algorithm is tested using the standard datasets and evaluated using the 

performance evaluation metrics such as True positives, False negatives, False positives and 

Identity switch or mismatch. Table 5.5 summarizes the various metrics and the MOTA 

accuracy. 

 

Figure 5.13 shows the comparative graphical representation of the different sequences. 

Proposed algorithm is tested with the standard challenging datasets and is compared with 

the other similar approaches for the three dimensional monocular object tracking. Section 

5.2.3 explains the entire dataset details. Result shows that for the LEAF and MUCH video 

sequence, proposed algorithm performs effectively. For the APIDIS video sequences, 

proposed algorithm exhibits the significant improvement in the tracking accuracy.  
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68 
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 Original Frame 2D Tracking Monocular 3D 

Tracking 

 APIDIS – Dataset 

FIGURE 5.12 Comparative Analysis for 2D Tracking and Monocular 3D Tracking  
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TABLE 5.5 Quantitative Comparative Results of the Proposed method 

 

(MOTA – Higher is better, TP- true positives, FP- false positives, FN- false negatives, 

ID/mme- identity switches or mismatches error) 

Sequences Algorithm MOTA TP FP FN ID/mme 

APIDIS 

POM [11] 0.49 607 156 220 46 

Vol.Mass [10] 0.675 656 88 172 9 

Proposed 0.799 719 47 108 11 

LEAF 2 

POM [11] 0.819 913 87 66 24 

Vol.Mass [10] 0.727 856 115 117 34 

Proposed 0.818 837 71 92 15 

MUCH 

POM [11] 0.754 770 139 32 26 

Vol.Mass [10] 0.736 694 99 99 11 

Proposed 0.752 719 102 79 17 

 

 

 
 

FIGURE 5.13 Multiple Object Tracking Accuracy (MOTA) Results 
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5.7      Similarity Measures 

The performance evaluation of the proposed detection and tracking algorithm is also 

evaluated with the help of one of the evaluation metric i.e. Similarity Measures. Table 5.3 

shows the mathematical expression for the Similarity Measures. Table 5.5 summarized the 

various similarity measures for the standard outdoor sequences and table 5.6 summarizes 

the similarity measures for the various standard indoor sequences. 

 

TABLE 5.6 Similarity Measures for the Outdoor Sequences (CD net 2014) 

 

Sr. 

No. 
Sequence 

GMM 

[1] 

KDE 

[5] 

PBAS 

[7] 

Codebook 

[6] 

AGMM 

[8] 
Proposed 

1 Highway 

(Baseline) 
0.8202 0.7005 0.7847 0.7967 0.8248

# 
0.8247

# 

2 Boat 

(Dynamic) 
0.5347 0.6433 0.4217 0.6852

# 
0.6985

# 
0.6782

# 

3 
Badminton 

(camera jitter) 
0.7258 0.6997 0.7058 0.7286

# 
0.7084 0.7189

# 

4 Shadow 0.6665 0.7335
# 

0.6483 0.6972 0.7147 0.7273
# 

 

(# indicates best performance)  

 
FIGURE 5.14 Similarity Measures – Outdoor Sequences 
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Figure 5.14 shows the graphical representation for the similarity measures. Result shows 

that proposed algorithm exhibits the significant improvements in Baseline, Dynamic and 

Shadow video sequences while codebook gives the better similarity measures among all 

the approaches.  

 

TABLE 5.7 Similarity Measures for the Indoor Sequences (CD net 2014) 

 

Sr. 

No. 
Sequence GMM 

[1] 

KDE 

[5] 

PBAS 

[7] 

Codebook 

[6] 

AGMM 

[8] 
Proposed 

1 Sofa (intermittent) 0.4573 0.4822 0.4178 0.4679 0.4821
# 

0.4689
# 

2 thermal 0.5718 0.5177 0.5261 0.2391 0.5984
# 

0.5728
# 

 

(# indicates best performance)  

 

 

 
 

FIGURE 5.15 Similarity Measures – Indoor Sequences 

 

Figure 5.15 shows the graphical representation for the similarity measures. As compared to 

similar approaches for the K=3 (number of Gaussian distribution), proposed algorithm 

exhibits the significant improvements for all the indoor sequences. 
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5.8      Precision – Recall (PR) Curves 

Comparisons of Background subtraction methods are done using the values of False 

Negative and False Positive and are produced in different sequences of video. Both these 

quality measures are strongly dependent on each other specifically and inversely 

proportional to each other. With the decrease in False Negative, False Positive increases 

and vice versa is also true. Background subtraction methods can’t be compared with a 

single value of False Negative and False Positive. Large value of False Positive and low 

value of False Negative can’t be compared with low value of False Positive with large 

value of False negative. Moreover value of threshold will also be responsible for the values 

of False Negatives and False Positives. Hence, it can be proved that measurements of the 

system performance is not possible by a single value of False Positive or False Negative 

and critical measurement can be done by measuring many critical points. Herrero et al. 

[JEI - 18] made use of one value of Precision and Recall so as to compare various 

background subtraction methods.  

 

Precision: It is defined as the number of true positives relative to the sum of the true 

positives and false positives. Precision is also considered to be as the fraction of detected 

items that are correct. Table 5.3 represents the mathematical expression for Precision. 

 

Recall: It is defined as the number of true positives relative to the sum of the true positives 

and the false negatives. Recall is also considered as the fraction of objects correctly 

detected with respect to the total objects detected.  Table 5.3 represents the mathematical 

expression for Recall. 

 

Precision – Recall (PR) curve can be created if we vary the confidence value. Basically 

precision (positive prediction) is defined as function of instances that are retrieved/labeled 

and are relevant while Recall (sensitivity) is defined as fraction of instances that are 

labeled/relevant and are retrieved. So, as a whole relevancy is determined by measuring 

Precision and Recall.  

 

The proposed algorithm is tested using the standard dataset and its 2D detection and 

Monocular 3D detection performance is compared with the Precision – Recall performance 

curve. The various PR curves are discussed as follows.  
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FIGURE 5.16 Precision – Recall (PR) curve – PETS 2009 

 

FIGURE 5.17 Precision – Recall (PR) curve – PETS 2006 

 

Figure 5.16 and Figure 5.17 represents the performance PR curve for PETS 2009 and 

PETS 2006 datasets. The proposed algorithm is compared with the other similar GP [9] 

and POM [11] geometry based 3D monocular object detection approaches.  
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FIGURE 5.18 

Precision – Recall (PR) curve for Noise 

Free Video sequence 

FIGURE 5.19 

Precision – Recall (PR) curve for Noisy 

Video sequence 

 

FIGURE 5.20 

Precision – Recall (PR) curve for Noisy 

Video sequence - Improvements after Post 

processing 
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Result shows that the proposed system exhibits higher Recall and lower Precision that are 

compared to other approaches. In both datasets performance of the proposed algorithm is 

significantly improved due to decreases in the false negatives. 

 

Performance evaluation of the proposed 2D object detection algorithm is tested using the 

standard indoor and outdoor datasets. The performance of the proposed algorithm is 

compared with the other similar Single Gaussian [14], Gaussian Mixture Model [1] and 

KDE [5] 2D object detection approaches. Figure 5.18 compares the results of all the 

algorithms for the noise free video dataset. The proposed algorithm improves the detection 

accuracy significantly due to the intrinsic improvements in terms of the initializing mixture 

model parameters using the optimized parameter algorithm. Figure 5.19 compares all the 

algorithms for the noisy datasets. Noise can be generated due to camera perspective or due 

to environment. Result shows that the proposed algorithm efficiently handles the dataset 

noises. Adaptive local noise Reduction Filter - a pre processing step in video sequences, 

reduces the dataset noises and hence improves the system Recall. Further results are 

improved using the post processing approach. The extrinsic improvements in the 

background model increase the detection accuracy by means of applying the 

morphological closing. Figure 5.20 exhibits the improvements in the detection accuracy by 

applying the post processing approach. Results show that for the noisy and noise free 

dataset the proposed algorithm significantly improves the detection performance. The 

precision – Recall (PR) curve is used to evaluate the performance of the proposed 

algorithm with the other similar approaches and both the Precision and Recall measures the 

relevance.  

5.9      Miss Rate Analysis (Failure Rate Detector) 

A single performance is inadequate to measure system performance. The system 

performance has many critical measurement points and it is been represented by a 

performance curve. System performance is also evaluated by performing the Miss Rate 

Analysis. Such a performance is observed between false positive per image (FPPI) and 

miss rate. 

 

Figure 5.21 represents the failure rate analysis for the PETS 2009 video sequence. 

Proposed algorithm is evaluated with the standard dataset and is compared with the similar 
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approaches. Figure 5.21 shows comparison of the proposed algorithm with the other two 

similar POM [11] and Vol. Mass [10] approaches for the miss rate. Performance of the 

proposed algorithm is analyzed at a constant error rate of 0.1 false positive per image 

(FPPI). At this error rate, the proposed algorithm detector achieves miss rate of 50% and it 

shows the significant improvement in the miss rate as compared to other similar 

approaches.  

 

FIGURE 5.21 Miss Rate analysis – PETS 2009 

 

FIGURE 5.22 Miss Rate analysis – PETS 2006 
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FIGURE 5.23 

Miss Rate analysis – Near Field Objects 

FIGURE 5.24 

Miss Rate analysis – Mid Field Objects 

 

FIGURE 5.25 

Miss Rate analysis – Far Field Objects 

 

Figure 5.22 represents the failure rate analysis for the PETS 2006 video sequence. It shows 

comparison of the proposed algorithm with the other two similar POM [11] and Vol. Mass 
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[10] approaches for the miss rate. Performance of the proposed algorithm is analyzed at a 

constant error rate of 0.1 false positive per image (FPPI). At this error rate, the proposed 

detector achieves miss rate of 48% and it shows the significant improvement in the miss 

rate as compared to that of other similar approaches. 

Figure 5.23, Figure 5.24 and Figure 5.25 represents the failure rate analysis for the ViSOR 

video sequence especially for the Near field, Mid field and Far field Objects respectively.  

Result shows that the proposed algorithm is compared with the other two similar GMM [1] 

and KDE [5] approaches for the miss rate. Performance of the proposed algorithm is 

analyzed at a constant error rate of 0.1 false positive per image (FPPI). At this error rate 

the proposed detector achieves miss rate of 48%, 78% & 92% respectively and it shows the 

significant improvement in the miss rate as compared to that of other similar approaches.  

 

FIGURE 5.26 

Miss Rate analysis –Partial Occlusion 

FIGURE 5.27 

Miss Rate analysis – Almost No Occlusion 
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Figure 5.26 and Figure 5.27 represents the failure rate analysis for the occluding objects 

typically for the partial and almost no occlusion situations. Result shows that the proposed 

algorithm is compared with the other two similar GMM [1] and KDE [5] approaches for 

the miss rate. Performance of the proposed algorithm is analyzed at a constant error rate of 

0.1 false positive per image (FPPI). At this error rate the proposed detector achieves miss 

rate of 58% & 72% respectively and it shows the significant improvement in the miss rate 

as compared to that of other similar approaches.  

5.10      Mean Square Error (MSE) 

Mean Square Error (MSE) is used in most of the signal processing algorithms where some 

modifications are made on the signal so as to get some desired output. It finds the 

difference between the signal and modified version of the same. As the difference between 

the actual and the modified version of the signal increases, MSE increases and reverse is 

also true. This thesis work considers Image as signal and processing is done entirely on the 

image and hence MSE is considered for image. 

The mathematical expression of MSE is calculated as follows: 

 

    
 

     
                      

 

   

 

   

  (5.1) 

 

Here, 

       – Original Frame of the Video 

        – Modified Frame of the Video 

f and    – Intensity values of the frame at x
th

  row and y
th

 column 

x and y – Spatial coordinates of the frame 

   – Total number of rows in the frame 

   – Total number of columns in the frame 

 

Figure 5.28 shows the frame wise MSE plot wherein values of MSE show the probability 

of the foreground objects at particular frame. 
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FIGURE 5.28 Mean Square Error (MSE) Plot 

5.11      Summary  

This chapter presented various results analysis for the proposed 2D & Monocular 3D 

object detection and tracking algorithm. Proposed algorithm is evaluated using the 

standard indoor and outdoor datasets as well as using the personal datasets. This chapter 

also includes different datasets challenges and various datasets constraints. The results are 

determined for the various performance metrics such as Multiple Object Detection 

Accuracy, Foreground detection with reference to ground truth, Multiple Object Tracking 

Accuracy, Precision – Recall performance curve, Miss Rate analysis, Similarity Measure 

and Mean Square Error. The performance evaluations of the proposed algorithms are 

compared with the other similar approaches that are GMM, KDE, Codebook, PBAS and 

AGMM.  

 

Despite the observed improvements, this chapter also includes the limitations of the 

proposed algorithm such as inefficient to handle dense shadow, stationary foreground 

objects, extreme low resolution video sequences and extreme and sudden light variations.  

 

To improve the performance evaluation of the proposed algorithm several objectives that 

have been aimed are proposed in this chapter: 
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 Proposed algorithm is able to detect foreground objects almost in all the sequences 

with reference to available ground truth. 

 

 Results show that for the challenging datasets, proposed algorithm provides better 

similarity measures in comparison to other similar approaches. 

 

 Miss rate analysis gives better understanding of the False Negative analysis at a 

constant False Positives per Image (FPPI) rate. 

 

 MODA and MOTA results provide better understanding and strong motivations for 

the detection and tracking of the 2D and monocular 3D objects. 

 

Results show that the performance evaluation of the system is not possible by the single 

measurements, hence this chapter has included various performance evaluation metrics to 

test the proposed algorithm and it is been tested and evaluated by every aspect of the 

metrics.   
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CHAPTER 6 

Conclusion and Future Scope 

6.1      Introduction 

In this thesis, Two dimensional and Monocular three dimensional Object detection and 

tracking algorithm have been designed and examined using the proposed algorithm for the 

indoor and outdoor surveillance environment. The proposed algorithm is evaluated with 

the standardized datasets to track single and multiple moving objects and its comparison is 

done with other similar approaches. The proposed algorithm consists couple of major 

modules:  (a) Foreground detection for the two dimensional and Monocular three 

dimensional object (b) Object tracking using discrete kalman filtering. The improvised 

Gaussian Mixture Model (Chapter - 3) is used to estimate the background model of every 

video sequences. Parameter optimization algorithm is used to provide the optimized 

mixture and learning parameters for GMM. Following the parameter optimization, 

Adaptive thresholding is used to segment the foreground objects under various constraints 

and challenging conditions. Later the dataset noises, outliers and other noises are removed 

and improvement is observed in the performance evaluation of the proposed algorithm 

using the Preprocessing (Adaptive Local Noise Reduction Filter) and Post processing 

(Morphological closing) approaches. Results of the proposed algorithms results are shown 

and compared (Chapter - 5) with the similar approaches.  

 

The detected objects have been tracked using the discrete kalman (Chapter - 4) filtering. 

The proposed tracking approach is able to track two dimensional and Monocular three 

dimensional objects in both the indoor and outdoor environments. The performance 

evaluation of the foreground detection and background subtraction methods can’t be 

evaluated with single performance so various other performance metrics are used to 

evaluate the proposed algorithm such as Precision- Recall Curve, Fail Rate Detector or 

Miss Rate analysis and Similarity Measures (chapter - 5). The results of the proposed 

algorithm are compared with the other similar approaches (Chapter - 5).  
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 6.2      Conclusion 

The proposed system functions efficiently well on the various aspects investigated towards 

the objectives of the thesis. The proposed Object detection and tracking algorithm is 

implemented for two dimensional & monocular three dimensional video sequences and 

further its results are presented and discussed. The intrinsic and extrinsic improvements in 

the Gaussian Mixture Models are discussed. Also their results and other performance 

metrics were compared with the other similar approaches.  

 

The major findings of this investigation can be summarized as follows: 

 

 Proposed algorithm is robust and it efficiently detects objects for both indoor and 

outdoor environment with complex and dynamic backgrounds. 

 The proposed algorithm ably handles partial occlusions and certain amount of 

shadows. 

 Optimized mixture parameters (Intrinsic improvement) handles non stationary and 

clutter background efficiently. 

 Adaptive threshold (Intrinsic improvement) ably detects foreground objects. 

 Preprocessing and post processing (Extrinsic improvement) helps in reducing the 

dataset noises, outlier and false positives wherein reduction in false positive 

significantly improves motion detection accuracy. 

 Monocular 3D approach handles objects with similar appearance. 

 The proposed algorithm is robust to any object class and also operates under many 

lighting conditions. 

 The proposed algorithm is invariant to camera views, camera perspective and 

efficiently handles the crowded scenes. 

 The proposed algorithm is able to handle diverse image resolution and at the same 

time it is able to handle multiple objects. 

 

The proposed algorithm has certain limitations like shadow detection becomes difficult in 

a video frames with small texture foreground and background variations, unable to detect 

stationary foreground objects, difficulty in tracking fully occluded objects. Foreground 

detection performance decreases in extreme and sudden light changes and it is very tough 

to detect object edges in a very low resolution video sequences. 
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Besides meeting all of the thesis objectives, several contributions have been achieved by 

this proposed work such as:  

 

(i) Intrinsic Improvement – Parameter Optimization algorithm 

 

Intrinsic Improvements in the Gaussian Mixture Model which concern the modification 

made in Gaussian Model parameter initialization, parameter maintenance during execution 

at every new pixel or frame level and at the foreground detection (motion segmentation) 

level. The appropriate selection of mixture parameter is indeed an impact on the 

performance of the overall surveillance system, as the same algorithm is applicable for 

both indoor and outdoor surveillance. Literature survey shows that usually, the model 

parameters are predefined or initialized by some algorithms like k-means cluster algorithm, 

EM or MLE approach etc. In proposed algorithm model parameters can be initialized by 

parameter optimization algorithm for the every video sequences. This Proposed algorithm 

is evaluated with the standard video datasets and compared with the other similar 

approaches and the significant improvements are shown. 

 

(ii) Intrinsic Improvement – Foreground Detection (Motion Segmentation) 

 

Foreground detection plays a vital role in surveillance system. Background model is 

sensitive enough to segment every moving object. Literature survey provides different 

Intensity, Region, Texture, Edge or Motion based segmentation approaches. Static 

threshold provides poor foreground detection and may lead to increases either false 

positive or false negative. In proposed approach foreground detection is achieved by means 

of Adaptive Thresholding instead of static thresholding. The proposed approach is 

evaluated with the standard dataset and resultant foreground mask is compared with the 

ground truth and other similar approaches. The observation is that most of the false 

negatives generated by the traditional pixel and region based methods are removed by the 

intrinsic improvements. 
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(iii) Extrinsic Improvement – Pre processing 

  

Extrinsic Improvements emphasizes purely on improving the performance of the model 

and hence it improves the results. The image and dataset noises are removed by using the 

preprocessing. The proposed algorithm uses Adaptive Local Noise Reduction Filter as a 

pre-processing method to remove dataset noises.  

 

(iv) Extrinsic Improvements – Post processing 

 

Post processing is again an external tool to perform the evaluation. In proposed algorithm 

Morphological Closing (dilation followed by erosion) is being used as a post-processing 

method for the sake of reducing the noise and outliers in the datasets. As a result most of 

the false positives generated by the traditional approaches are removed. 

6.3      Future Work 

The object detection and tracking algorithm proposed in this work targets wide range of 

object class with other dataset particulars. However there are still several areas and future 

work that address further improvement in making the algorithm more generic. The various 

future potentials are as follows: 

 Intrinsic improvement in Gaussian Mixture Model - maintain the mixture 

parameters by means of dynamic approach. 

 Different values for the learning parameters and the other approaches to calculate 

the learning parameters make it easy to handle the sudden illumination variations. 

 The algorithm can be more robust by adding other pixel features such as texture 

and edges. 

 For the real time surveillance application, DSP or other hardware realization is 

required. 
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