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Synopsis 

Design and Implementation of 2-Dimensional and  

3-Dimensional Object Detection and Tracking Algorithms 
 

1. 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, develop robust 2D & 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 the indoor and outdoor surveillance environment and at 

the same time it’s 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 

the 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 serving as software environment. 
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2. Brief Description on the State of Art of Research Topic 

 

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

observation in computer vision helps to analysis objects activities easily. Today’s eras 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 interpret and act intelligently. Advancement in perception will lead to 

defense made application and automated driving assistance. Nowadays researcher are being 

more focused on object detection, object tracing, crowd analysis, pedestrian and vehicle 

identification to improve the security of a public places.  

T.Reeve [2] and Rajiv Shah [3] have beautifully survey 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 by human operators over a 

longer time but it doesn’t yield to give a 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 focuses their intention not only on object detection and object tracking for smart 

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

recent development they are focusing on 3D object detection and tracking. For 3D object 

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

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.  

 Smart surveillance system must be able to perceive and identify the new scene 

because a human operator won’t be 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 and 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 the all constraints, it is preferable for 

limited space, static background does not cover much of crowd, almost constant illuminations 
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etc. and that’s because of its affordable price. To handle all the constraints instead of single 

camera surveillance system multi camera system is more preferable. 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. 

 

2.1 Motivation 

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

security analyst needs to see, check and track. They have to indentify the people and vehicle 

in space, locate the people and what kind of activity they do in space. Then he 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 others becomes extremely multifarious 

challenge to smart video surveillance system and it is actually an enhanced situational 

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

biometric system and video surveillance system for object tracking and verify the identity and 

to monitor activities respectively. 

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

and transmitting perform as either analog or digital video recorders. 

 

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

three main steps. 

 Detecting the objects foregrounds that are in motion. 

 Detected objects to be tracked in consecutive frames. 

 Object behavior recognition of objects behavior.  

 

3. Objectives and Scope of Work 

The proposed research work focuses on the investigation and application of object 

detection and tracking algorithm on both the indoor and outdoor environments and able to 

handle various challenges and constraints.  

A. Objectives 

The main objective of the work is to develop robust background modeling for the 

foreground detection in indoor and outdoor environments. The main objective of the thesis is 

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

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



5 
 

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

algorithm for video sequences and develops such a multi-modal background which can easily 

adopt background changes. 

 

B. Scopes  

The scope of the study involves the following probable improvements in the proposed 

Gaussian mixture model for the foreground detection. 

 

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.  

 

4. Original Contribution by the Thesis 

 

This research work provides two fold contributions.  

Intrinsic Improvements of the gaussian mixture model by demonstrating the 

importance of mixture parameter such as modification made in initialization, maintenance 

and foreground detection wherein 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 and hence for the parameter selection we 

introduced a parameter optimization algorithm, as the indoor scene is much closer to Laplace 

model than a gaussian. The next intrinsic improvement takes care of foreground detection 

where instead of static threshold we used adaptive threshold that makes our method more 

robust to handle dynamic backgrounds and lighting conditions. The observation is that most 

of the false negatives generated by the traditional pixel and region based methods are 

removed by the intrinsic improvements. 

Extrinsic Improvements emphasizes purely on improving the performance of the 

model and hence to improve results. We used Adaptive Local Noise Reduction Filter as a 

pre-processing method and Morphological Closing as a post-processing method for the sake 
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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 as compared to other similar pixel based parametric, 

nonparametric and region based background subtraction counterparts. 

 

5. Research Methodology 

For achieving the research objectives, background modeling, model parameter 

initialization, foreground segmentation, background model maintenance using learning 

parameters, pre & post processing of the input, foreground mask and tracking by means of 

the recursive kalman filtering approach is done. Research methodology consists of modifying 

the statistical background model parameters using the parameter optimization algorithm and 

robust foreground detection is achieved using the adaptive thresholding. The performance 

evaluation of the proposed algorithm is improved with the help of applying the preprocessing 

and post processing approaches. 

 

5.1 Research Hypothesis 

Literature shows that the pixel based background modeling and color feature can 

adopt the video scenes efficiently compare to other region based or hybrid models. For the 

indoor and outdoor surveillance video scenes are influenced by the varying light conditions 

clutter, dynamic background and occlusions. Hence, the following is the hypothesis of the 

study. 

“If we model each pixel as a mixture of Gaussians to decide whether or not a pixel is 

component of the background, then we will arrive at an efficient algorithm to separate the 

background and foreground, which can be used for motion detection and tracking in both 

indoor and outdoor video scenes.” 

 

5.2 Background Modeling 

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 a video surveillance to segmenting out the 
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foreground or moving object in every frame of the input video sequences is the primitive 

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

robustness of background modeling estimation and background subtraction. 

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 scenes or illumination variations takes place in both indoor and outdoor 

environments. 

Pre Processing – Noise 

Removal

Foreground / Moving 

object Detection

Post Processing – 

performance 

Enhancement

Background Modeling

Background Foreground Object

Input Video Sequences 

 

Figure 1 - simple background Modeling Technique 

 

5.3 Background Subtraction: 

Background subtraction technique is implemented for detecting foreground objects. 

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

the video surveillance, it can efficiently work in both indoor and outdoor environments. The 

simplest concept of background subtraction is the difference between the current and 

reference background image in every consecutive frame. 

Background Model is generally consist with the, 

 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 
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5.3.1 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. temporal frame differencing, averaging and median filtering are some of the 

standard approaches that are available for the background initialization. Simple background 

subtraction and motion of the foreground object can be detected by,  

𝐼𝐹𝐺  =   𝐼𝐶𝑢𝑟𝑟𝑒𝑛𝑡  𝐹𝑟𝑎𝑚𝑒 − 𝐼𝐵𝑎𝑐𝑘𝑔𝑜𝑟𝑢𝑛𝑑  𝐹𝑟𝑎𝑚𝑒   > 𝑇𝐹𝐺   (1) 

Where, 𝐼𝐹𝐺  = final Foregorund object, 𝐼𝐶𝑢𝑟𝑟𝑒𝑛𝑡  𝐹𝑟𝑎𝑚𝑒 = current input frame, 

𝐼𝐵𝑎𝑐𝑘𝑔𝑜𝑟𝑢𝑛𝑑  𝐹𝑟𝑎𝑚𝑒 = Backgorund frame and 𝑇𝐹𝐺 = Foregorund threshold. 

𝐼𝐵𝑎𝑐𝑘𝑔𝑜𝑟𝑢𝑛𝑑  𝐹𝑟𝑎𝑚𝑒  may be a fixed number or it depends on the complexity of the background. 

 

5.3.2 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. Generally three different maintenance 

techniques are available,  

A. Blind background maintenance: 

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

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

𝐵𝑀𝑡+1 =  𝐵𝑀𝑡   1 − 𝛼  +  𝛼 𝐼𝑡       (2) 

Where 𝛼 is the learning rate which is [0.1].  𝐵𝑀𝑡   and  𝐼𝑡  the background and current image at 

time 𝑡 respectively.  

B. Selective background maintenance:  

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. 

 

𝐵𝑀𝑡+1 =  𝐵𝑀𝑡   1 − 𝛼  +  𝛼 𝐼𝑡   - If the pixel is belonging to background  (3) 

𝐵𝑀𝑡+1 =  𝐵𝑀𝑡   1 − 𝛽  +  𝛽 𝐼𝑡   - If the pixel is belonging to foreground  (4) 

Again such scheme depends on the value of 𝛼 and 𝛽. 
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C. Fuzzy adaptive background maintenance: 

The classification uncertainty can be overcome by applying Fuzzy adaptive 

background maintenance scheme. 

 

5.3.3 Foreground Detection 

Foreground detection is method for classifying 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. 

 

5.3.4 Picture element 

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

element. It is used at the time of model initialization and maintenance and the system 

robustness depends on the size of element. 

 

5.3.5 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 

 

5.4 Proposed Approach - Modified Gaussian Mixture Model 

Mixture of Gaussians and Gaussian Mixture Model are 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 so 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 and such operation can be carried out pixel by pixel rather than region based approach 

 𝑋 𝜇, Σ =  𝜋𝑘𝒩 𝑋 𝜇𝑘 , Σ𝑘 

𝐾

𝑘=1

 (5) 
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Where 𝒩  𝑋 𝜇𝑘 , Σ𝑘  is referred to as Gaussian distribution components and 𝜋𝑘  is referred to 

as mixing coefficient. The above equation combines all the simple models into a complex 

model. 

 

Noise Removal

Preprocessing

Input Video sequence/Frames

Video/Image Processing

Initial N Frames Subsequent Frames

Background Modeling

Image Analysis

Modified GMM 

(Parameter Initialization)

Adaptive Thresholding

Object Detection

Binary Mask 

(Foreground Detection)

Tracked Object (Bounding Box)

Object Tracking

(Initialize Kalman Parameter)

Update Mixture 

Parameters

Initialize Learning 

Parameters

, , 

, 

Frame Analysis

Post processing 

(Morphology)

Background Model

Parameter 

Initialization 

algorithm

 

Figure 2 - Flow Chart of the Proposed Object Detection and Tracking Algorithm 

 

. 
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Multi-Variate Gaussian distribution easily adopts the dynamic scenes and also handles 

gradual and sudden changes in illuminations. Further it can be expressed as, 

𝒩  𝑋 𝜇, Σ =  
1

 2𝜋 Σ 
 𝑒  

−1

2
 (𝑋 − 𝜇)𝑇  Σ−1(𝑋 − 𝜇)   

  (6) 

Where 𝒩  𝑋 𝜇, Σ  represent the normal distribution. 𝜇 and Σ are the mean and variance of 

the Multi-Variate Gaussian distribution. 

Figure 2 shows the flow chart of the proposed algorithm for the object detection and tracking 

while figure 3 shows the flow chart for the monocular 3D object detection and tracking. The 

proposed algorithm modifies the traditional Gaussian mixture model. The performance 

evaluation of the proposed algorithm is been improved by using the Adaptive local noise 

reduction filter as a preprocessing and Morphological closing as post processing to reduce the 

dataset noises and outliers. The proposed model is well efficient to detect and tracks objects 

in indoor and outdoor environments, using the model parameters that are initialized with the 

help of parameter optimization algorithm. Adaptive threshold will detect the foreground 

objects robustly. 𝛼 and 𝜌 are the learning parameters used to update the background model at 

every new pixel or frame. Again both the parameters are constant for the input video 

sequences and it learns using the parameter optimization algorithm. For the proposed 

algorithm K=3 (Multi modal backgrounds) remains fixed over the entire detection process. 

 

5.5 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. To estimate 

depth from monocular image is an important task for the application such as robotic 

navigation and autonomous driving assistance system. Figure 3 shows the flow chart for 

estimating the shapes and coordinates from the monocular image. 

5.5.1 Foreground Voxel classification 

In 3D object detection and tracking in monocular sequence it is mandatory to classify 

foreground and background likewise 2D detection. In 3D pixel is referred to as voxel and it 

can be expressed as, 𝑋 =  𝑥, 𝑦, 𝑧   denotes the Cartesian coordinates of a scene.  

Classify the foreground voxels of the moving object in monocular sequence as the 

assumptions of the mutual distributions. The mutual distributions is expressed as, 𝑝 𝑋, 𝑙 . 

Where, 𝑋 is referred to as 3D coordinates of a foreground voxel and 𝑙 𝜖 ℒ. ℒ can be defined 
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as the foreground region and their voxels are represents as the set of labels ℒ =  1,2, … , 𝑚 . 

𝑚 is referred to as the number of objects. 

 

Input – Video Sequnces /Video frames

 (Monocular Video)

Initial Frames Subsequent Frames

Extract Background

Pre processing - Noise Removal

Image Analysis

Background Estimation using modified Mixture Model 

(GMM)

Initializing Model parameter and 

mixture components

Extract Foreground region Nodes and edges

Calculate 3D coordinates
Assign labels

iX iL

Find Newly Tracked 

object

Calculate 3D shape (SP-

PDF)

Classify Foreground Voxels using MAP - EM

Estep : Parametric Estimation

M step : State Estimation

Tracked Object (Kalman)

State and parameter Updation

Set Learning

Parameter 

, 

Update/ Maintain 

Mixture Parameter

, , 

Next Frame

 

Figure 3 - Flow Chart of the proposed algorithm for the monocular 3D detection and tracking 
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The joint or mutual and the conditional distributions can be shown as, 

𝑝 𝑋, 𝑙 = 𝑝 𝑙 𝑝 𝑋 𝑙       (7) 

Where, 𝑝 𝑋 𝑙  is referred to as the likelihood function and 𝑝 𝑙  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, 𝑝 𝑙 = 𝜋𝑙  and it must satisfy the constraints,  

 𝜋𝑙 = 1 ⋀0 ≤ 𝜋𝑙 ≤ 1, ∀𝑙 ∈ ℒ

𝑙∈ℒ

 (8) 

Consider the 3D position of the moving object at time 𝑡 and that is been expressed as, 

𝜓𝑙
𝑡 . 

The conditional probability of above equation (7) is consider as the conditional 

likelihood function that it defined as the probability of posterior distribution and 𝑋 given 𝜓𝑙
𝑡  

and is given by,  

𝑝 𝑋 𝑙 ∼ 𝑝 𝑋 𝜓𝑙
𝑡    (9) 

 

Where, 𝑝 𝑋 𝜓𝑙
𝑡  is referred to as the semi parametric Probability Distribution Function (PDF) 

of which parameters are 𝜓𝑙
𝑡  and it represents the 3D silhouette of the object. 

If the silhouette of 𝑙remain unchanged from previous time 𝑡 − 1 to 𝑡 the voxel 𝑋 is 

belongs to 𝑙 and to represents voxels is belongs to dense foreground.  

 

For the maximum a posteriori – Expectation maximization (MAP-EM), define prior 

for the 𝜓𝑙
𝑡  as the multivariate Gaussian distributions,  

𝑝 𝜓𝑙
𝑡  ∼ 𝒩 𝜓𝑙

𝑡  𝜓𝑙
𝑡−1, Σ    (10) 

Where, 𝜓𝑙
𝑡−1referred to as the position of the object at 𝑡 is near to 𝑡 − 1 and Σ is referred to as 

the covariance matrix of the normal distribution. 

 

5.5.2 Maximum a posteriori – expectation maximization (MAP-EM) 

Expectation-maximization (EM) is an iterative process to calculate the maximum 

likelihood estimation of a given parameter. Generally Expectation-maximization (EM) is 

used for estimating the Gaussian Mixture models (GMM). Sometimes it has been also used to 

learn the optimal mixture of fixed models. On the basis of the probability distributions use 

MAP-EM to classify the complete set of foreground voxel.  

 The complete set of the 3D coordinates of the foreground voxels are represented as 𝜒. 

Our main objective is to calculate the maximum a posteriori resolution for our proposed 
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modified Gaussian Mixture models with the help of the defined probability distribution 

functions. 

The initial model parameters are expressed as, 

Θ =   𝜋𝑙, 𝜓𝑙
𝑡  where 𝑙 ∈  ℒ (11) 

 

Using Expectation-maximization and the iteratively derived the updated model parameters 

Θ𝑡+1 from the current approximationΘ𝑡 . 

  

5.6 Object tracking 

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. The main purpose of tracing 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. 

 

5.6.1 Kalman filtering 

Kalman filtering is an amazing tool in order to estimate the predicted values. A 

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, actually it is 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. 

Kalman estimate 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 introduce by uncertainty or inaccurate detections. 

 Provides the trajectories to the single or multiple 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: 
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 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 uses a prior estimate to compute the 

posterior or new error in estimation. It is also referred to as corrector or correction 

stage. 

Predictor 

(Time Update)
 

   

Corrector 

(Measurement Update)

   

Initial Estimate

    

1
ˆ

kx  1kP 

1 1
ˆ ˆ

k k kx Ax Bu

  
State Projection

Error covariance Projection

1

T

k kP AP A Q 

Kalman Gain

Measurement Estimation

Error covariance matrix

1( )T T

k k kK P H HP H R  

 ˆ ˆ ˆ
k k k k kx x K z Hx   

( )k k kP I K H P 

 

Figure 4 - kalman state diagram indicates prediction and correction stage 

5.7 Results and Discussion 

  In this section, proposed algorithm is evaluated using the standard outdoor and indoor 

datasets. The performance evaluation of the proposed algorithm is tested using the standard 

performance evaluation matrices and compare the results with other similar approaches.  

 

5.7.1 Performance evaluation measures, datasets and its details 

For the outdoor and indoor video scenes, the proposed algorithm is been evaluated 

with its standard and its own datasets. Table 1 summarized the standard datasets used to 

evaluate the proposed algorithm. Table 2 summarized the dataset particulars and table 3 

summarized the different evaluation measures used to test the performance of the proposed 

system and also to compare it with the other similar approaches. 
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Standard Datasets 

Outdoor Sequence No. of Videos Indoor Sequence No. of Videos 

CDnet2014 [41]  26 CAVIAR [37]  02 

PETS 2009 [39]  04Views CDnet2014  03 

i-LIDS [47]  02 Icg Lab [43]  06 

MIT Traffic [45]  05 APIDIS [38]  07Views 

MOT Challenge [46]  02 ViSOR  05  

PETS 2000 [35]  01 VSSN 2006 02 

PETS 2006 [40]  01   

ViSOR [36]  10   

VSSN 2006 [42]  04   

Personal Datasets 

Outdoor Sequence 18  Indoor Sequence 25  

Table 1 Dataset 

 

 

 

Sr. 

No. 

Particulars Details 

1 Video file formats .avi, .mp3, .mp4, .3GP,  

2 Frame format  .jpg, .png  

3 Frame size 160*120, 320*240, 720*480, 768*576, 384*288, 

720*576 

4 Frame per second  10, 11, 12, 18, 20, 25, 30 

5 Ground truth  .png, .bmp, .txt 

6  No. Of Frames  150 to 9000 frames 

7  Video qualities Day light, night light, low and high contrast 

Table 2 Dataset particulars 
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Sr. 

No. 
Parameter evaluation  Equation  

1 Recall 

𝑇𝑝

 𝑇𝑝 + 𝐹𝑛 
 

2 Precision 

𝑇𝑝

 𝑇𝑝 + 𝐹𝑝 
 

3 
Multi Object Detection 

Accuracy 
𝑀𝑂𝐷𝐴 = 1 −

𝐹𝑛 + 𝐹𝑝

𝑇𝑝 + 𝐹𝑛
 

4 
Multi Object Tracking 

Accuracy 
𝑀𝑂𝑇𝐴 = 1 −

 𝑚𝑡𝑡 + 𝑓𝑝𝑡 + 𝑚𝑚𝑒𝑡

 𝑔𝑡𝑡
 

5 Similarity Measure 
𝑔 𝑥, 𝑦 =    𝑗, 𝑘 𝑓 𝑥 + 𝑗, 𝑦 + 𝑘 

∞∞

𝑗=−∞

∞

𝑘=−∞

 

6 False Positive Rate 
𝐹𝑃𝑅 =

𝐹𝑝

 𝐹𝑝 + 𝑇𝑛 
 

7 False Negative Rate 
𝐹𝑁𝑅 =

𝐹𝑛

 𝑇𝑝 + 𝐹𝑛 
 

8 Detector failure rate Miss rate (FN) v/s FPPI (False Positive per Image) 

Table 3 Performance evaluation measure 

 

5.7.2 Comparative Analysis  

Figure 5 and 6 shows the comparative analysis of the proposed algorithm with the 

other similar approaches. Figure 5 shows the results for the foreground detection of the 

various challenging datasets and also shows the comparative analysis with the other pixel and 

region based background modeling approaches. The first sequence is a challenging outdoor 

video scene with dynamic environment and constraints of the leaf’s floating. Second is again 

a very dynamic outdoor environment with twinkling and gleaming of water surfaces. Third is 

an indoor scene with the heavy clutter background and reflective surface. In all three cases 

the proposed algorithm is not only able to detect the foreground objects but also efficiently 

reduces the false positives and dataset noises. 
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Figure 5 - Foreground Detection result of Baseline, dynamic, intermittent video from CDnet 

2014dataset, Rows: (1) Original frame (2) ground truth (3) GMM (4) KDE  (Kernel Density 

estimator) (5) PBAS (pixel based adaptive segmenter) (6) codebook (7) AGMM (8) proposed 

 

5.7.3 Similarity measures 

Table 4 shows the comparative similarity measures of the foreground objects for 

various six challenging datasets. The similarity measures indicate the robustness of the 

system and compares to other similar approaches proposed algorithm which shows the 

significant improvements in the detection.  

 

 

 



19 
 

Sr. 

No.  
Sequence  GMM  KDE  PBAS  Codebook  AGMM  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 Sofa (intermittent) 0.4573 0.4822 0.4178 0.4679 0.4821  0.4689 

4 
Badminton 

 (camera jitter) 
0.7258 0.6997 0.7058 0.7286 0.7084 0.7189 

5 shadow 0.6665 0.7335 0.6483 0.6972 0.7147 0.7273 

6 thermal 0.5718  0.5177 0.5261 0.2391 0.5984 0.5728 

Table 4 Similarity measures 

 

5.7.4 Multiple Object Detection Accuracy (MODA) 

The performance evaluation of monocular 3D objects detection can be evaluated with 

the MODA and it compares the evaluation of the proposed 3D algorithm with the other 

similar approaches. Table 5 summarized the detection accuracy for the datasets and figure 6 

indicates the graphical representation for the MODA results. 

Sequences Vol. Mass[13] POM [54] GP [55] 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 

Table 5 MODA Results 

 

Figure 6 - MODA Results 
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5.7.5 Multiple Object Tracking Accuracy 

The performance evaluation of monocular 3D objects tracking results can be 

evaluated with the MOTA and it compares evaluation of the proposed 3D algorithm with the 

other similar approaches. Table 6 summarized the detection accuracy for the datasets and 

Figure 7 indicates the graphical representation for the MOTA results. 

 

Sequences Algorithm MOTA TP FP FN ID/mme 

APIDIS POM [54]  0.49 607 156 220 46 

Vol.Mass [13]  0.675 656 88 172 9 

Proposed 0.799 719 47 108 11 

LAEF 2 POM [54]  0.819 913 87 66 24 

Vol.Mass [13]  0.727 856 115 117 34 

Proposed 0.818 837 71 92 15 

MUCH POM [54]  0.754 770 139 32 26 

Vol.Mass [13]  0.736 694 99 99 11 

Proposed 0.752 719 102 79 17 

Table 6 MOTA Results 

 

 

 

Figure 7 - MOTA Results 
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5.7.6 Precision – Recall (PR) curve and Miss rate analysis (Failure rate detector) 

Performance of the detection and tracker algorithm is evaluated using the PR curve. 

The PR curve indicates the influence of the false positives and false negatives on the system 

performance and ultimately it leads to robustness.  

  

Noisy Video sequence Noise free Video Sequence 

  

PETS 2009 Pets 2009 

Figure 8 - PR curves 

Figure 8 shows the various PR curve results for the noisy and noise free video sequences and 

also shows the comparative PR analysis for the standard video sequences and comparative 
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analysis with the similar approaches are 1G – [9], GMM – [1], KDE – [31], POM – [54] and 

GP – [55]. The system performance is also evaluated by identifying the amount of miss rate. 

The miss rate is also defined as the detector failure rate or the amount of false negatives. 

Generally the miss rate or the amount of false negatives is strongly associated with the 

amount by allowing the false positives in the system. In certain applications such as video 

surveillance the amount of false positives does not matter but for the automated driving 

assistance system amount of false negatives matters a lot. Figure 9 and Figure10 shows the 

strong relationship between the miss rate and false positives per image. If we allow more 

false positives per image, miss rate will drastically reduce and ultimately it will increases the 

system Recall. 

 

Figure 9 - miss rate v/s FPPI for the PETS 2009 

 

Figure 10 - miss rate v/s FPPI for the PETS 2006 
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6. Achievements with respect to Objectives 

 

In the research work following work is done to achieve the research objectives: 

 Comparative analysis is made for both the indoor and outdoor environments and 

results shows that the performance evalution of the proposed algorithm is 

significantly imrpoved. 

 The propose algorithm efficiently handles different backgrounds, Handling 

varying lighting conditions such as bright, night, low and high contrast, Invariance 

to camera perspective & Handling process and data noise. 

 The results also exhibits that the algorithm also works on video sequences with 

the various resolutions and frames rates. 

 In certain video sequences proposed algorithm handles partial occlusions, object 

with similar appearance and silhouettes. 

7.  Conclusion 

Object detection and tracking is implemented in two dimensional and monocular three 

dimensional algorithms whose results are presented and discussed. The intrinsic and extrinsic 

improvements in the gaussian mixture models are discussed and their results 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 environments with complex and dynamic backgrounds. 

 Comparative analysis shows that the proposed algorithm ably handles partial 

occlusions and certain amount of shadows. 

 Optimized mixture parameters (Intrinsic improvement) handle non stationary and 

clutter background efficiently. 

 Adaptive threshold (Intrinsic improvement) ably detects foreground objects. 

 Preprocessing and post processing (Extrinsic improvement) helps to reduce the 

dataset noises and outlier. It also helps to reduce the false positives which intends 

significantly improves motion detection accuracy. 

 Monocular 3D approach handles objects with similar appearance. 
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