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ABSTRACT 

K-means based Multiple Objects Tracking with Occlusion 
Reasoning 

This dissertation presents a novel and efficient multiple objects tracking technique 

dealing long-term and complete occlusion. The technique is based on a new low cost 

object appearance model to associate objects. This work is primarily focused on the 

improvement of resource utilization aspects, targeting real-time embedded 

applications with limited resources. Moreover, a comparative accuracy analysis is also 

performed to ensure that the proposed work is in close agreement with state of the art 

methods in terms of accuracy. This dissertation is mainly composed of three 

contributions.  

The first contribution presents a K-means based model for object appearance 

modeling. The appearance model combined with the simple object spatial position is 

used to infer the objects association/tracking decision. The objects appearance model 

and temporal spatial position is updated for one to one object/blob association 

throughout the sequence of video. However, for one-to-many blob/objects 

associations after the onset of occlusion a statistical distance measure is introduced for 

object association to deal occlusion. The comparative evaluation of resource 

utilization on standard datasets shows the superior performance of our approach in 

terms of computational time and/or memory as compared to the state-of-the-art 

baseline methods. In our second contribution, a low cost K-means based object 

appearance model is presented to achieve a faster solution for multiple objects 

tracking. In our first contribution and the recent literature, the object appearance is 

updated in every frame. However, there is no need to update the appearance model in 

every frame as more often it tends not to change. For this purpose, a novel histogram 

based appearance update model is applied on every detected blob to decide when to 

update the appearance model. Moreover, the employed histogram based cluster 

initialization further reduces the overall computational cost as the standard K-means 

algorithm can take more time to converge due to improper initialization of cluster 

centroids. The presented low cost model achieves much faster solution as compared to 

the baseline K-means and GMM based models with comparable memory 

requirements and accuracy.  
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The first two contributions are about realizing a low cost multiple objects 

tracking method using merge and split approach for occlusion reasoning. The 

accuracy of the merge and split is compromised during occlusion. However, the 

emphasis of third contribution is on the improvement of accuracy during occlusion 

with reasonable resource utilization. In this contribution the K-means based method is 

extended to straight through approach, which tracks the individual objects despite 

occlusion thus increasing the accuracy. Low cost shape and appearance models are 

combined for pixel association during occlusion. Furthermore, two-pass outlier 

rejection technique is employed to address the issue of outliers. Our approach 

provides superior accuracy as compared to the state-of-the-art online multiple objects 

tracking approaches with comparable resource utilization. 

The prime objective of all the contributions of this dissertation is to provide a 

resource efficient solution of multiple objects tracking with comparable accuracy to 

the state of the art. In literature, the main focus of researchers is towards the aim of 

the accuracy with compromise on the resource utilization aspects of the system. The 

trending embedded smart cameras have started to replace the conventional PC based 

surveillance systems due to their low cost and built-in intelligence. To achieve real 

time solution with limited available resource, smart cameras require efficient 

algorithms with minimum resource utilization. With efficient resource utilization, the 

multiple objects tracking algorithms proposed in this dissertation, provides very 

strong grounds for the development of smart camera based real time surveillance 

solution. 
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1.1 Introduction 

“There is no smart city without a safe city” a statement made at safe city event 

organized in Nairobi by a Kenyan government official in October 2016. This 

proclamation implies that ensuring cities safety is very vital for the development of 

the smart cities in future. The safe city requires an atmosphere with the capability to 

alleviate, observe and counter security threats [1]. It requires gigantic human 

resources to achieve this, which is simply an error prone and infeasible solution [2]. 

Automated video surveillance provides an efficient alternative to humans in keeping 

the city safe. The analytic capabilities of the currently available surveillance systems 

help to analyze the larger chunk of videos recorded daily to anticipate any unwanted 

behavior automatically. The demand for the acquisition and deployment of video 

surveillance has been increased significantly since the last two decades because of the 

rising security threats. The number of installed surveillance cameras in UK alone has 

increased from 1.85 million to 5.9 million surveillance cameras in just two years, i.e., 

from 2011 to 2013 [3], [4]. The number of surveillance cameras in China is currently 

reported to be at 0.17 billion and they target to reach 0.40 billion in next three years 

[5]. The video surveillance market alone worth around $1.4 billion in 2017 and is 

expected to grow around $2.32 billion by 2023 [6].  

The performance and analytic capabilities of the existing video surveillance 

systems are constrained by their limitations of resources. The existing video 

surveillance systems are generally categorized into PC based systems and embedded 

smart cameras. In the PC based video surveillance systems, general-purpose 

computer-based systems process the video acquired over a dedicated link. The 

abundance of resources in these systems allows the incorporation of more accurate 

and precise analytic algorithms for surveillance. The desirability of low cost and 

portable automated video surveillance systems specially in outdoor settings, has 

paved the way for the emergence of embedded smart surveillance cameras [2]. The 

built-in intelligence incorporated in current state of the art smart cameras attracts the 

potential academic and commercial users more as compared to the conventional PC 

based systems [7]. However, smart cameras have embedded architectures to achieve 

vision processing with limited on-chip storage and computational resources. 

Therefore, owing to the limitations embedded smart cameras need more efficient 

analytic algorithms and architectures to balance accuracy, speed, and storage 
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requirements [2]. The accuracy and resource requirements/ utilization of analytic 

algorithms are constrained by the performance of the underlying object detection and 

tracking approaches especially in the presence of multiple objects. 

Multiple Objects Tracking (MOT) or Multiple Target Tracking (MTT) is an 

essential problem in computer vision with instances appearing in various application 

domains. MOT is the process of tracking multiple moving objects over the time with 

the help of a camera. It can be a time consuming task due to the quantity of data 

available in a video sequence. Video object segmentation, detection and tracking 

approaches are the fundamental steps for further multifaceted applications, e.g. video 

context analysis and multimedia indexing. MOT faces many challenges in different 

real-time scenarios and situations. The occlusion is one of the biggest challenges, 

which strongly impacts the overall accuracy of the MOT. The occlusion is a situation 

where an object in a certain scenario may hide totally behind another object at one 

location and take considerable time to emerge at a different or same location. The 

tracking algorithm needs to associate the same label to the occluded objects assigned 

prior to occlusion. The problem becomes more challenging, when the interacting 

objects differ in size, shape and appearance. Moreover, the varying illumination 

conditions further deteriorate the performance especially when the underlying object 

detection/ initialization method is based on background estimation.  

Different research efforts have been made to achieve MOT in the presence of 

occlusion. The accuracy and resource utilization of any MOT approach is strongly 

influenced by the amount of data required to process for object tracking/association. 

The existing MOT approaches can be classified as offline and online techniques based 

on the processing mode. In [8], [9], [10] offline processing mode has been employed 

to deal occlusion by fusing future frames information to increase the MOT accuracy. 

However, offline approaches are not suitable for real-time applications due to the non 

availability of the future frames to process. Moreover, these methods require a lot of 

memory and compute resources for the acquisition and processing of batch of frames. 

The online processing mode on the contrary, has achieved the real-time solutions with 

fewer frames to process. The online tracking depends upon the current and previous 

frames as adopted by [11], [12] and [13]. However, the performance of these 
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approaches is badly constrained by the occlusion reasoning strategies unlike offline 

approaches.  

The performance of MOT algorithms is also constrained by the underlying 

object initialization method. One method is to employ trained pedestrians detector for 

improved object initialization with additional computational overhead. This type of 

initialization is not generic, so it needs extensive training for a specific object. The 

second method is to employ the low cost background subtraction based techniques. 

These techniques are more suited to real-time solutions because they do not require 

extensive prior training. Moreover, these techniques are generic in object 

initialization, and can detect any type of objects unlike the pre-trained detectors. 

However, background subtraction techniques suffer under varying illumination 

conditions resulting in less accuracy. 

The major challenge of occlusion in MOT is managed on the basis of 

appearance, shape or motion models. The appearance model is most commonly used 

model for occlusion reasoning [2]. The histogram based appearance model [14], [15] 

has been widely used to deal occlusion in MOT. However, the resource utilization 

(processing and memory requirements) of the model is constrained by the fact that it 

requires large memory resources. The Histogram of Oriented Gradients (HOG) based 

methods [11], [16] have shown improvements over histogram based methods in terms 

of memory requirements with a compromise on computational load. However, the 

HOG based approaches lose accuracy while dealing long-term and complete 

occlusion. Moreover, the improvement over histogram based methods in terms of 

memory requirements is very little as compared to more accurate Gaussian Mixture 

Model (GMM) [17], [18], [19] based MOT techniques. The GMM based appearance 

model requires very low memory as compared to the histogram or HOG based 

techniques. However, the computational overhead of the GMM model is significantly 

on the higher side as compared to the histogram based models.    

The aforementioned short summary of MOT literature, suggests that major 

research on MOT is primarily focused on achieving the goal of accuracy with 

minimal errors. A little attention has been paid to the practical aspect of realizing a 

method with reasonable compute time [20] and memory consumption. At present, 

most of the surveillance systems use embedded smart cameras owing to deployment 
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of huge surveillance cameras network. The designs targeting embedded smart camera 

based platforms are needed to address the issues such as processing power, energy 

and memory usage as these platforms are typically resource constrained. Table 1.1 

shows the list of few smart cameras commonly used for embedded platforms, which 

shows limited memory and compute resource. The constraint of computational cost in 

embedded platforms is slightly relaxed after the emergence of multi-cores processer 

architectures. However, the issue of memory consumption is the least explored issue 

in the development of recent algorithms designed for computer vision applications 

[21], [22].  

Table 1.1: Overview of smart cameras 

Smart camera Company/Institute  Processor Memory 

CMUCAM5 [23] Carnegie Mellon Robotics 
Institute 

ARM, 204 MHz 264KB  

CITRIC [24] University of California, 
Berkeley 
 

Intel PXA270, 
520MHz  

256 KB  

ILC-BL series [25] Intellio ADSP-BF533 
Blackfin processor, 
600Mhz 

64 MB 

XCISX100C/XP [26] Sony VIA Eden ULV,1 
GHz 

512MB  

 

The evolution of state of the art multi-cores architectures has significantly 

improved performance as compared to the single core processors without increasing 

the power [27]. However, the multi-core architectures have limited shared access high 

bandwidth low level caches e.g. AMD Kaveri with 4MB, Intel Atom X5 with 2MB 

and ARM Cortex-A73 with 8 MB etc. The MOT approaches with large memory 

requirements results in more access to main memory for acquisition of image/model. 

However, the MOT approaches with low memory requirements mostly access high 

speed low level caches which results in reduced computational time. This employs 

that computational cost of the MOT algorithms is also constrained by the memory 

access time to fetch the real-time/offline image from main memory. Therefore, the 

memory requirements of any MOT algorithm directly impact the computational cost 

of the system. The gist of the above discussion is that the development of MOT 

algorithms with minimal resources is very important for efficient use of embedded 

smart vision cameras. 
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In this dissertation, a novel K-means based multiple objects tracking approach 

is proposed to address the problems of GMM and histogram based methods aiming 

real-time embedded smart vision cameras [28]. We have employed low-cost 

background subtraction technique for object detection, which is generic for detecting 

all types of objects unlike the pre-trained customized object detectors. Furthermore, 

we have employed online processing mode, which does not require any future frame 

making our method suitable for real-time video surveillance. Our proposed method 

incorporates low cost K-means based appearance model as compared to the 

computationally expensive GMM based appearance model. This work requires 

substantially low memory/ storage resources as compared to the memory intensive 

histogram based method. Our work significantly close the performance gap of GMM 

and histogram based models in terms of memory and speed, and hence is more 

suitable for real embedded platforms with low compute/ memory resources. Hitherto 

K-means has been extensively used in clustering applications, but its inception in 

multiple objects tracking is not straight forward. We need a suitable statistical 

distance metric to achieve multiple objects association after the onset of occlusion. In 

this dissertation, a novel distance measure has been introduced to find affinity 

between objects.  

The iterative nature of K-means and GMM based algorithms make it 

computationally quite slow as compared to the histogram based method. The 

computational overhead can augment owing to the fact that appearance model needs 

to be updated in every frame. Moreover, the improper cluster initialization can 

supplement the performance penalty. Generally the object model is updated for every 

frame without observing if there is a considerable change. This frequent appearance 

modeling increases the computationally cost without increasing the accuracy. In this 

dissertation, novel appearance update and initialization models are proposed to 

achieve computationally inexpensive appearance modeling. Our proposed appearance 

update model does not change the appearance model unless there is a significant 

change unlike conventional appearance model approaches. The results show the 

effectiveness of the proposed update model in terms of computational cost without 

sacrificing the accuracy.  



 

 

7 
 

Finally, the accuracy of our K-means based MOT approach has been 

significantly increased by extending it to straight through approach without a 

compromise on the resource utilization. This is achieved by combining low cost shape 

and appearance based model for object pixel-level association during occlusion. 

Furthermore, the amalgamation of novel two pass outlier rejection technique has 

significantly reduced outliers resulting from improper pixel association during 

occlusion. The results demonstrate the superior accuracy of the proposed work as 

compared to the state-of-the-art models. 

1.2 Contributions 

The prime objective of this thesis is to improve the resource utilization to bridge the 

performance gap of state of the art appearance based MOT tracking models and 

propose an online multiple objects tracking solution without compromising accuracy. 

In our first contribution, a novel K-means based appearance model is proposed for 

multiple objects tracking using merge and split approach, while introducing a new 

statistical measure to associate objects after the onset of occlusion. The second 

contribution deals with the computational performance aspect of K-means by 

overcoming its inherent computational overhead. In our third contribution, an online 

multiple objects tracking straight through approach is proposed to achieve the 

tracking even during the occlusions by incorporating a shape model and a novel 

outlier rejection technique. A high level overview of problems addressed in this 

dissertation along with proposed techniques is provided in Figure 1.1. 



 

 

1.2.1 K-means based multiple objects tracking with merge and split 

approach. 

In this contribution, a novel 

proposed for appearance modeling using merge and split approach. The GMM and 

histogram based appearance models are being used in majority of the MOT 

techniques. There is a big performance gap between these two 

terms of computational cost and memory consumption. We have proposed a 

based appearance model to achieve MOT, and a novel statistical measure to compute 
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1.2.2 Low-cost K-means based multiple objects tracking with object 

appearance update model 

In the second contribution, a novel appearance update model is presented to reduce 

the computational cost of the K-means based algorithm proposed in the first 

contribution. Almost all the appearance based models, update the appearance of each 

object in every frame. However, we observed that appearance does not need to be 

updated in every frame as there is not a significant change in near future frames. In 

this work, we have proposed a histogram based appearance update model to decide 

whether there is any need to change the appearance model or not. Furthermore, 

histogram based initialization is also used to reduce the iterations required for the 

computation of appearance model. The proposed design is tested on same standard 

datasets as used in our first contribution. The proposed update and initialization model 

outperforms our previous method [28] in terms of computational cost. This work is 

aim to bridge the performance gap between K-means and histogram based MOT in 

terms of computational cost to make it more suitable for real-time MOT and 

embedded smart cameras [29]. 

1.2.3 K-means based multiple objects tracking using straight through 

approach 

In the third contribution, a novel K-means based multiple objects tracking system 

using straight through approach is developed. Our first contribution proposed low cost 

merge and split occlusion reasoning strategies to achieve MOT. However, in merge 

and split approach individual objects track is lost during occlusion and hence the 

accuracy. The straight through approaches achieve high accuracy by keeping the track 

of individual objects during occlusion. However, these approaches are either 

computationally expensive or memory intensive. In this contribution, we have used a 

low cost rectangle based shape model and extended our K-means based appearance 

algorithm developed in our first contribution to straight through approach. We have 

also developed a two pass outlier rejection technique to solve the problems of outliers 

during occlusion. The results demonstrate the superior accuracy of our design as 

compared to most of online and offline approaches employing appearance model. 
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1.3 Datasets and Performance Metrics 

We have used different standard datasets in this dissertation for the evaluation of the 

proposed contributions. We have used datasets with indoor and outdoor environments 

dealing challenging situations of short-term/ long-term occlusion. Table 1.2 enlists the 

datasets used in this dissertation. In CAVIAR low resolution dataset, the scenarios of 

long-term occlusion are presented; one is a simple situation (persons meet) while the 

other is a complex one (persons fight). The GT RecCenter Hall dataset has a low 

frame rate, while the Lab dataset presents the indoor monitoring of a lab with 

background color matching the object appearance. The PETS2001 dataset involves 

objects other than humans as well, while PETS2009 is the most commonly used 

outdoor dataset in the state-of-the-art MOT techniques with more challenging 

situations. The Lego series and Shell game datasets involve rigid objects, and they 

present a challenge of short-term occlusion with different scenarios. Finally, the Town 

centre high resolution dataset deals with a higher number of pedestrians. 

Table 1.2: Datasets 

Sr. No. Dataset Number of Frames Resolution 

1 CAVIAR fight [30]  550 320 ×240 

2 CAVIAR meet [30] 826 320 × 480 

3 GT RecCenter Hall dataset [31] 1462 640	×480 

4 Lab [32], [33] 2127 320 ×240 

5 PETS2001 [34] 2688 760	×580 

6 PETS 2009S2L1 [35] 794 760	×580 

7 Lego1,2,3 [36] 494 320 ×240 

8 Shell game [36] 735 320 ×240 

9 Town centre [37] 7499 1920×1080 

 

We have used qualitative performance evaluation metrics, i.e., computational 

cost and memory requirements for comparative evaluation of our first two 

contributions. Finally, the quantitative performance evaluation metrics, i.e., False 

Positive (FP), False Negative (FN), Multiple Tracks (MT), Multiple Objects (MO) 
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and Multiple Objects Tracking Accuracy (MOTA) have been used for comparative 

evaluation of the third contribution. All these metrics are defined below 

 FP is the false existance of estimate without any association to ground truth.  

 FN means an actual ground truth does not has any associated estimate. 

 MO means multiple ground truths are associated with same estimate.  

 MT is the association of two or more estimates with the same ground truth. 

 MOTA is derived from the FP and the FN. 

1.4 Organization of Dissertation 

The dissertation is organized as follows. Chapter 2 provides an overview of existing 

works that are closely related to this research. The multiple objects tracking 

techniques are classified on the basis of object initialization, object modeling, 

resource utilization and occlusion reasoning. Chapter 3 describes our K-means based 

appearance model and statistical measure to achieve multiple objects tracking using 

merge and split approach in the presence of occlusion. Moreover, this chapter 

includes the resource utilization evaluation of state-of-the-art baseline appearance 

models. In Chapter, the focus of our research is on more practical aspect of realizing a 

faster MOT solution. This chapter elaborates the proposed appearance update model 

and histogram based initialization method to enhance the speed of the previously 

proposed K-means MOT solution by making it multiple times faster. Furthermore, the 

comparative resource utilization analysis of the proposed model is also presented in 

this chapter to highlight its performance gain. Chapter 5 presents the combination of 

rectangular shape model and K-means based appearance model for object association 

during occlusion to increase the accuracy. The K-means based algorithm in our first 

contribution is extended to use for straight through approach to solve object 

association during occlusion. The outlier rejection technique is devised to increase 

accuracy to tackle the inherent problem of pixel association based MOT algorithms. 

Finally this chapter demonstrates the superior comparative accuracy evaluation of the 

proposed model. 
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2.1 Multiple Objects Tracking 

This chapter presents a brief discussion on literature review of multiple objects 

tracking. Multiple objects tracking play a significant role in computer vision [38]. 

During the past two decades the demand of video surveillance has emerged 

worldwide due to rising threats of terrorist’s activities. Object tracking is a 

fundamental component to design an intelligent video surveillance system. The 

performance of activity analysis and event understanding vastly depends upon the 

accurate and real-time object tracking [39].The goal of the tracking is to estimate the 

states of the target object in the sequential frames of a video. Despite the huge amount 

of research carried out in the field, natural physical phenomena such as non-uniform 

illuminations, background variations, and occlusion has constrained the performance 

of existing object tracking systems [40]. The approaches achieving good accuracy; 

however, require more computational time and/or memory. Therefore, they are not 

suited for real-time embedded surveillance systems such as smart cameras.  

Numerous techniques are proposed in the literature to achieve the MOT 

mainly differ in the way that they model object’s appearance, shape, motion, or 

occlusion handling [41]. Motion models are widely employed to achieve the MOT. 

The task of tracking can be relaxed by applying few constraints on the motion of the 

objects. Many of the tracking techniques assume that object is not changing its 

position rapidly [41]. Yang [14] and Papadourakis [17] used deterministic motion 

model with assumption that object in the next frame overlaps with previous frame. 

Shafique [42] used linear motion models with an assumption that object is moving 

with constant velocity. Yan et al. [43] used nonlinear motion models to precisely 

predict the motion of the object to increase accuracy. The motion model alone tends 

to fail for long term occlusion, because motion pattern can be non-uniform [2]. The 

appearance and shape model gets the importance in dealing with occlusion [44] 

because of its ability to associate objects during or after the occlusion. 

The appearance model is one of the important cues to achieve MOT especially 

in the presence of occlusion. However, the performance of any MOT approach is 

further constrained by the accuracy of the employed object initialization method, 

processing mode and occlusion reasoning strategy. The performance of the MOT 
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approaches can be classified into different categories on the basis of object 

initialization, processing mode, appearance model and occlusion reasoning.     

2.2 Classification on the basis of Object Initialization 

Object initialization is the preliminary and important step of almost all the MOT 

algorithms. The accuracy of the MOT algorithm is constrained by the initialization 

method [38]. MOT algorithms can be divided into two broad categories on the basis 

of object initialization. 

2.2.1 Detection Free Tracking (DFT) 

In detection free tracking, all the objects are initialized manually in the first frame by 

using rectangular bounding boxes or other shape models [45], [46], [47]. After object 

initialization, the object is tracked in subsequent frames. The DFT does not rely on 

pre-trained object detectors for object initialization; therefore it can track different 

type of objects. The performance of DFT is constrained by the underlying 

background; more cluttered background degrades the performance of DFT techniques. 

Moreover, the inability of the DFT technique to initialize newly emerged object and 

terminate the leaving object make it unsuitable for practical applications. However, 

this type of tracking can be useful when particular objects need to be tracked. The 

Figure 2.1 illustrates the working principle of DFT based technique.      

 

Figure 2.1: Detection free tracking adapted from [38] 

 

2.2.2 Detection Based Tracking (DBT) 

In detection based tracking, objects are initialized using certain detector unlike DFT 

Tracker to automate the process. All the objects are detected in every frame as the 

output of object detector (observation), then a tracker is employed to estimate track 

associated with these observations. The Figure 2.2 illustrates the working principle of 

DBT based technique. The performance of the DBT based method is strongly 



 

 

15 
 

constrained by the efficiency of object detector. The DBT is mainly categorized into 

pre-trained customized object detector/classifier and background subtraction based 

object detector.  

 

Figure 2.2: Detection based tracking adapted from [38] 

 The pre-trained customized object detectors got more attention for last two 

decades because of their accuracy, and a lot of work has been done on different 

detectors. As most of the tracking techniques work on pedestrians, therefore a lot of 

research has been done to improve the human detectors in different environments. 

The most commonly used baseline detector is proposed by Dalal et al. [48]. They 

have used Histogram of Oriented Gradients (HOG) for feature representation and 

SVM classifier for pedestrian detection. The other prominent baseline algorithm 

‘AdaBoost’ is proposed by Viola Jones, which cascades different weak classifiers to 

detect objects [49]. The CNN (Convolutional Neural Networks) has been recently 

used for multiple object detection and tracking purposes [50], [51]. The CNN is a 

class of deep, feed-forward artificial neural networks, trending classifiers for the 

MOT and other computer vision application due to comparatively less pre-processing 

requirements to other image classification algorithms. Despite good accuracy, the 

customized detection classifier discussed above limits the performance of the MOT 

algorithms due to its inherent computational cost. In addition, customized detector 

based methods are not general object detectors, i.e., at a time they are trained to detect 

only one type of object which in above case is human.  Moreover, customized 

detectors require extensive training to make them work for different datasets [52]. 

Despite the extensive Training, these detectors are inherently more biased towards the 

training datasets. Consequently, these methods are not suitable for real-time 

embedded vision applications with low resources.    
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The background subtraction is the separation of the moving objects 

‘foreground’ from the stationary (non-changing) scene ‘background’. In background 

modeling or background subtraction each video frame is compared against a reference 

frame also called background frame or background model that does not include any 

moving objects. Moving objects are those pixels of the current frame which differ 

substantially from the background frame. Generally, it is hard to have a constant 

background model under different critical circumstances like brightness (illumination) 

variations, various weather situations like snow, rain or fog, and other dynamic 

changes like waving trees or water surface ripples. Therefore, background model must 

be adaptive and robust against all aforementioned challenges. A variety of techniques 

exist for background subtraction [53], but they either fail to meet the challenges of 

dynamic background subtraction or have high computational overhead.  

In order to deal with dynamic background, a widely used technique is the 

Mixture of Gaussians (MOG), proposed by Stauffer and Grimson. MOG uses 

multimodal representations to deal with the backgrounds containing dynamic scene 

components e.g. trees swaying in the wind or rippling waves. The MOG background 

subtraction technique employs hard assignment rather than the soft assignment of the 

original expectation maximization based GMM model. This technique maintains 

multiple Gaussians for each background pixel [54]. Each Gaussian along with 

corresponding weight describes the amount of information related to the background 

[55]. The first ‘��’ Gaussians with weight greater than threshold ‘�’ are classified as 

background. 

�� = ��������(∑ ��,�
��
��� > �),    (2.1) 

where ‘��’ is the total number of Gaussians, while ‘��,�’ is the weight of ��� 

Gaussian at time ‘t’, and is updated recursively as follows: 

��,� = (1 − �)��,��� + �����,��,    (2.2) 

where ‘�’ is the learning rate which determines update rate of a pixel to become 

background, while ‘���,�’ is the binary value deciding about the match. A match is 

found when the current pixel ‘��’ value falls within 2.5 standard deviation of any of 

the corresponding Gaussian background model [54]. The mean ‘��,�’ and variance 

‘��,�
� ’ for every single Gaussian is updated in every frame as follows: 
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��,� = (1 − �)��,��� + ���    (2.3) 

��,�
� = (1 − �)��,���

� + ���� − ��,��
�
��� − ��,��    (2.4) 

� = �� ��� �⁄ �,�
, ��,��    (2.5) 

�������,�, ��,�
� � =

�

(��)�/�����,�
� �
�
��

�

�
������,��

�
(��,�
� )��(�����,�)�              (2.6) 

There are many other variants of MOG based methods with more accuracy 

and computational overhead dealing complex scenarios. However, MOG technique is 

widely used because of the balance it achieves between accuracy and computational/ 

storage requirements for general purpose computational platforms. The MOG can 

cope with dynamic backgrounds but requires significant computational resources for 

computing and sorting of standard deviations, variances, probability density functions, 

and weights. Therefore, this approach is not much viable for low end real-time 

computationally cheap embedded vision platforms.    

Multiple Mode Mean (MMM) algorithm is developed by Apewokin et al. to 

deal with issues of MOG [55] for smart embedded vision platforms.MMM algorithm 

models each background pixel using multiple means, instead of Gaussians, to deal 

with dynamic backgrounds. A single mean ‘��,�’, where ‘mn’ represents the mean 

number and ‘t’ is the current time is given as follows: 

���,� = ���,� ���,�⁄ ,    (2.7) 

where ‘���,�’ represents the running sum of the pixel values, and ‘���,�’ is the 

observation count. Every pixel ‘��.���’ in the current frame is compared to each of the 

background pixel mean. If the difference of ‘��.���’ from ‘���,�.���’ is within 

predefined threshold ‘�’ for all of its color components, and also the observation 

count ‘	���,�’ is greater than a threshold ‘T’, then the pixel is classified as background 

as shown in equation 2.8: 

⋀ ���,�.������.������� ≤ �	∧ 	���,� > �;  for ���	� (R,G,B)    (2.8) 

This algorithm is computationally fast and requires less memory resources as 

compared to MOG with comparable accuracy to MOG. MMM algorithm provides 6X 

improvement in execution time and 18% reduction in storage requirements with 

reasonable accuracy. Therefore, the MMM algorithm is best suited for real-time 

embedded smart cameras.  
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2.2 Classification on the basis of Processing Mode 

The accuracy of MOT algorithms is also constrained by the processing mode. The 

processing mode decides whether future frames are available for track estimation of 

different objects. There are two processing modes termed as online (causal) and 

offline (non-causal) tracking.  

2.2.1 Offline tracking 

In offline tracking, future frames observation along with past frames are also 

considered for decision making. The process involved in offline approach is 

summarized in Figure 2.3, where the trajectories of the objects a, b and c are 

estimated as their respective spatial position using N frames. In [8], [9] and [10] 

offline approach has been employed to achieve high accuracy in the presence of 

occlusion. Due to the computational and memory resource limitations, it is almost 

impossible to acquire and process complete video for decision making. The feasible 

solution is to split video in small batches, and process all the batches sequentially to 

infer the results respectively. Many recent tracking algorithms employ offline 

approaches to deal missed detection due to long-term occlusion by incorporating 

future frames over extended temporal windows. However, the offline approaches lead 

to significantly larger delays between object detection and trajectory estimation. In 

many applications like real-time surveillance, future frames are not available for 

decision making. Moreover, offline approaches require extensive memory to store all 

the past and future frames with additional computational resources to process batch of 

frames. Therefore, offline tracking approaches are not suitable for time critical/real-

time surveillance applications especially with limited compute and memory resources 

[56].  

 

Figure 2.3: Offline processing mode adapted from [38] 
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2.2.2 Online tracking 

The online tracking depends upon the current and previous frames as adopted by [11], 

[12] and [13]. For each frame all the past information is available till that point for 

decision making. Figure 2.4 illustrates that only past frames are available to estimate 

the track of objects a, b and c respectively. The unavailability of future frames in 

online approaches may lead to incorrect assignment of objects due to long-term 

occlusion. However, online approaches do not require extensive memory and 

computational resources as there is no need to capture and process future frames. 

Moreover, there is no delay between detection and estimation unlike offline 

approaches. Therefore, all the time critical surveillance applications use online 

processing mode to realize a real-time solution of multiple objects tracking. However, 

in online approaches special care is needed to handle occlusion for maximum MOT 

accuracy. 

 

Figure 2.4: Online processing mode adapted from [38] 

2.3 Classification on the basis of Appearance Model 

Appearance is very important and most commonly used feature for similarity 

estimation during MOT [38]. It can be combined with other features like shape and 

motion to achieve MOT. Appearance model is constituted of two components, which 

are visual representation and statistical measurement. Visual representation is used to 

describe the apparent characteristics of the objects. Visual features can be color, 

points, optical flow, depth etc. Color is the most commonly used feature for visual 

representation of the appearance model in MOT [41], [38]. The statistical 

measurement provides the affinity estimation between the appearance models of 

different objects in MOT. The baseline appearance models are normally categorized 
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into histogram, Gaussian mixture model (GMM) and histogram of gradients (HOG) 

based models. 

2.3.1 Histogram based appearance model 

The histogram based appearance model has been widely used for visual representation 

of an object for multiple objects tracking. The histogram of an image is computed by 

finding the observable frequency of visual features and placing it in respective bins. 

An image histogram can also be referred as probability mass function of a certain 

image characteristic. Color is the predominant feature used to characterize the 

appearance model of the object. The histogram of three color channels can be 

formally represented by the following equation: 

��,�,�(��,��,��) = ����(� = ��, � = ��, � = ��)       (2.9) 

Where ‘R’, ‘G’ and ‘B’ represent the three color channel (Red, Green and Blue), and 

‘����’ is the probability of pixels belong to a respective channel in the image. The 

statistical distance measure is then used to discriminate different visual appearance 

models especially after the onset of occlusion to associate objects. A common 

statistical measure to find similarity between two histograms is the Bhattacharyya 

distance, which can be found between two different objects appearance histograms as 

follows: 

		��(��, ��) = �1 − ��(��, ��)    (2.10) 

��(��, ��) = ∑ �(��(�), ��(�))
�
��� ,                                                         (2.11) 

where ‘��(��,��)’ is the Bhattacharyya coefficient between the histograms ‘��’ and 

‘��’, while ‘n’ is the total number of bins required to store quantized color values. 

Finally, ‘��(H�,H�)’ is the Bhattacharyya distance to estimate similarity between two 

objects for MOT. Different histogram based techniques have been proposed to 

achieve multiple objects tracking.  

Kratz et al. [15] use spatio-temporal variations/motion patterns of crowded 

scene to track pedestrians in the video. The spatial and motion patterns are captured 

using Hidden Markov Models (HMM). Using these models, space-time position of 

the pedestrians is predicted in the scene. Finally, the pedestrian’s affinity is computed 

using histogram based appearance model and motion model to discern it from 

surrounding pedestrians. This method is useful to track pedestrians in a dense 
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crowded scene with constrained environment, where the motion patterns vary in a 

certain way. The non-uniform motion patterns/ sparse crowded scenes can reduce the 

accuracy. Moreover, this method is unable to handle complete short-term/ long-term 

occlusion. In addition, this method requires significant computational resources to 

compute different HMM model parameters and it requires prior training to train 

HMM. 

Yang et al. [14] track multiple objects by using histograms for object 

appearance modeling. They have used two level background maintenance model to 

achieve real-time foreground detection unlike conventional computationally 

expensive background subtraction techniques. Each object is represented using 

10�10�10 RGB color histogram bins. Finally, they use Kullback-Leibler distance 

between respective histograms for feature correspondence to deal occlusion in MOT. 

Their method is computationally quite efficient and do provide a real-time solution 

with long-term occlusion reasoning. However, this method is memory intensive and 

requires 1Kbytes of memory to model a single object.  

Zheng et al. [13] combine global motion estimate and color histogram of 

stable object regions to achieve MOT. They have used multiple dynamically 

selectable rectangular patches for object representation, whereas each patch of the 

object is modeled using 64 bin color histogram in HSV space and associated weight 

of the patch. The corresponding weight of a local patch suggests about the variations 

in the patch over time. All these patches are combined using online tracking approach, 

and finally bipartite matching is used for affinity estimation to achieve multiple 

objects tracking. This method has also achieved a real-time solution for multiple 

objects tracking. However, this model yields high false positives and more identity 

switches resulting in decreased accuracy. 

The aforementioned designs require substantial memory resources and these 

resources multiply with increasing number of objects in a scene. Therefore, use of 

histogram based model becomes bottleneck in developing real-time embedded 

surveillance systems in many situations where memory is a constraint. 
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2.3.2 GMM based appearance model  

The second widely used appearance model to achieve multiple object tracking is 

Gaussian mixture model. Gaussian mixture model is used to cluster similar data 

points together. At first, each Gaussian is initialized randomly by its mean and 

variance. Multiple Gaussians fit the data points into different clusters by using 

maximum likelihood or expectation and maximization [EM] [57]. The probability of 

random variable ‘xr’ described by mixture of ‘Kt’ Gaussians can be expressed as: 

�(��) = ∑ ���(��|��, ∑�)
��
��� ,                (2.12) 

where ‘��’ is the prior weight of the ��� Gaussian such that normalized sum of all the 

Gaussians ∑ ��
��
���  is equal to one, which means each Gaussian weight is in the range 

0 ≤ 	�� ≤ 1. �(��|��, ∑�), the Gaussian distribution of ‘n’ dimensional vector ‘��’ is 

defined as 

�(��|��, ∑�) =
�

(��)�/��|∑�|
�
��

�

�
(�����)

�∑�
��(�����)�               (2.13) 

Where ‘��’ is the mean and ‘∑�’ is the covariance matrix of the ith Gaussian. EM 

algorithm is used for clustering the similar data in multiple Gaussians using two steps. 

The E (expectation) step is used to estimate the association of a randomly distributed 

variable using current values of the parameters. In this step, the ‘responsibilities’ of 

each Gaussian for a random variable ‘xr’ is evaluated using current set of parameter 

as follows 

�(���) =
���(���|��,∑�)

∑ ����������,∑��
��
���

,                           (2.14) 

where ‘���’ is a particular outcome of the random variable ‘xr’. It can be observed 

from the aforementioned responsibilities of a random variable that the GMM model is 

a soft assignment based technique. 

The M (maximization) step is used to find the joint distribution of the data for a 

random variable to maximize the likelihood of the variable to fit in different 

Gaussians. In this step, the parameters are updated using existing responsibilities to 

achieve the best clusters/ Gaussians as follows: 

��
��� =

∑ �(���)
��
��� ���

��
               (2.15) 



 

 

23 
 

∑ =���
�

�

��
∑ �(���)(��� − ��

���)(��� − ��
���)���

���                (2.16) 

��
��� =

��

��
,               (2.17) 

where ‘��
���’, ‘∑�

���’, ‘��
���’ and ‘��’ are the updated mean, variance, weight and 

the sum of responsibilities for ��� Gaussian. . For statistical distance measure, the 

Bhattacharyya distance is used to find the similarity index of Gaussian mixture 

models of different objects to associate objects while tracking:  

��(�, ��) =
�

�
(� − ��)�

�∑�∑��
��

�
(� − ��) +

�

�
��

�
∑�∑�

�
�

�|∑||∑�|
,              (2.18) 

where ‘��(�, ��)’ is the Bhattacharyya between ‘�’ and ‘�′’ Gaussian kernels. The 

distance between the GMM models of different objects can be calculated as follows: 

∆(�, ��) = ∑ ∑ ����
���(��, ��

�)�
���

�
���                (2.19) 

Both the objects have ‘�’ Gaussians, and ‘��’ is the respective mixing weight for the 

particular Gaussian. Figure 2.5 illustrates the results of soft GMM clustering using 

EM algorithm. In soft clustering, a random variable ‘�’ can have multiple associations 

with multiple clusters with different weight ‘�’. The overlap regions of blue, red and 

green show the soft association of data points with multiple Gaussians.     

 

Figure 2.5: GMM clustering 
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GMM has been widely used in many areas of computer vision. Many 

researchers have used Gaussian Mixture Model (GMM) for appearance modeling in 

multiple objects tracking techniques.  

Tao et al. [19] use shape, motion, and appearance model on 2-dimensional 

coherent motion layers to achieve highly accurate multiple object tracking. They have 

used dynamic layer representation in terms of shape, motion and appearance. They 

utilized Expectation-Maximization (EM) algorithm to estimate spatial and temporal 

constraints on motion and appearance. Gaussian shape prior is used to parameterize 

shape and to preserve the motion layer. They have achieved a robust solution by 

improving its performance against the background clutter. However, this MOT 

solution is not feasible for multiple pedestrians tracking where the motion patterns are 

not uniform, as this system works fine only for uniform motion model.       

Khan et al. [58] utilize Gaussian Mixture Model to model the object spatial 

position as well as its color appearance to track multiple objects. They model each 

person as a set of classes, where each class is a coherent region both in color and 

spatial proximity. The two dimensional (x, y) spatial position and YUV color model is 

used to build the five dimensional Gaussians to represent subclass of an object. They 

have used a fixed number of Gaussians/ classes for object appearance modeling. This 

model provides a very good solution in the presence of complete occlusion. However, 

this method is highly prone to outliers due to pixel wise object association.   

Henriques et al. [18] proposed a multiple objects tracking solution by 

formulating and solving global optimization problem. Their model successfully deals 

with the many to one problem, i.e., when multiple objects merge to form a single 

measurement. They have modeled many to one problem as a standard one to one 

problem by introducing a new graph structure. The group identity of occluded objects 

is maintained during occlusion as a flow circulation problem. They developed a 

covariance matrix descriptor to model appearance of an object for association and 

tracking after the split of objects. The model calculates likelihood of two detection 

responses using Gaussian distribution of respective appearance models. This 

technique needs prior training to model parameters. Moreover, this technique can lose 

accuracy with increase in the number of objects participating during occlusion.  
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Papadourakis et al. in [17], have developed appearance model for object 

tracking that relies on phenomenon of object permanence to handle occlusions. 

Appearance is modeled using the GMM and Bhattacharyya distance is then used for 

object association. They have provided an accurate MOT solution especially in the 

presence of long duration occlusion with similar appearance and shape model. 

However, the outliers during pixel-wise object association under occlusion can lead to 

poor shape modeling that affect the accuracy of this MOT solution. Moreover, this 

approach requires fair amount of visibility of occluded objects for multiple objects 

tracking during occlusion. 

All the aforementioned techniques achieve good accuracy and require less 

memory. However, due to the soft assignment nature and multiple parameters of the 

underlying GMM technique, they results in high computational cost. 

2.3.3 HOG based appearance model 

The third frequently used appearance model to achieve multiple object tracking is 

histogram of oriented gradients (HOG) based model. In HOG based appearance 

models, the local appearance information is described by edge feature gradients 

around a key point rather than the color or intensity values. This method provides 

reduction in memory consumption, as it only requires storing histogram of few feature 

key points rather than complete histogram of the object However, this model has 

additional computational overhead. The key points of an object are found as the initial 

step to compute histogram of oriented gradients. A point is declared a key point if it is 

a corner based on the following equation: 

� = ���(���) − ������(���)� �
����		��	(� < 0	)
������	��(� > 0)

�,              (2.20) 

where α is a constant and Mat is the matrix defined as 

		��� = ∑ ���(�, �) �
���
�

������

������

���
� 	�,																								�,�                (2.21) 

where ‘���(�, �)’ is the window function (rectangular or Gaussian), while ‘���’ and 

‘���’ are the gradients in the directions of ‘�’ and ‘�’ respectively. After a key point 

is found, the histogram of orientation angles of edges in a window around the key 

point is computed with suitable bin size to describe the feature vector of a key point. 
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Figure 2.6 shows the flow of feature vector estimation. Finally, affinity is computed 

between HOG of respective objects using suitable distance metric like SSD (sum of 

squared distances). Many researchers employed HOG for appearance modeling to 

deal occlusion in MOT. 

 

Figure 2.6: HOG feature vector estimation flow: (a) Corner detection, (b) Gradients 
estimation, (c) Histogram of gradients orientation 

Huan et al. [11] developed a HOG feature based method to associate objects 

during occlusion. This method calculates skeleton feature points in every frame using 

optical flow, and assigns these points to respective targets based on their appearance 

and motion model. Their model has achieved a high accuracy especially in the 

presence of occlusion. However, their model has certain limitations due to the 

extraction of skeleton points according to optical flow. The optical flow modeling can 

be erroneous due the nature of occlusion, as optical velocity will not be always correct 

during occlusion especially in the presence of interacting objects. 

Naushad et al. [16] have also used salient HOG feature points of the 

appearance for occlusion reasoning to achieve MOT. The relative position of the 

feature points for an object is used to formulate the shape model of the object. The 

relative position of the feature point is also useful to correctly track the feature point 

over the sequence of frames. They have used particle filter based approach to 

associate feature points over the sequence of images to estimate the tracks of different 

objects. They have evaluated their method only for seven frames of the PETS 2009 

S2L1 (i.e., 2, 5, 8, 11, 13, 16 and 20). They only deal with two objects in the scene 

having quite different appearances, while ignoring the challenging situations of the 

dataset. Their method can lose robustness for long term and complete occlusion.  
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The aforementioned feature points based methods require the detection of 

feature points and estimation of feature vectors to associate the objects in proceeding 

frames, which lead to computational overhead. The selection criteria to choose 

number of suitable feature points is also a dilemma in HOG based methods and can 

constraint the accuracy. These methods achieve low accuracy during complete and 

long-term occlusion due to the invisibility of feature points. 

2.4 Classification on the basis of Occlusion Reasoning 

A lot of research has been done to address occlusion, as it is the one of the core 

problems in the design of robust online MOT solution. The MOT strategies in 

literature are categorized on the basis of occlusion reasoning into merge & split and 

straight through approaches. 

2.4.1 Merge and split approach 

In merge and split approach, the track of each object is estimated in every frame with 

the exception of occluded objects. The group trajectory is maintained for occluded 

objects during occlusion owing to the fact that objects preserve their track. The Figure 

2.7 summarizes the process of merge and split approach for occlusion reasoning. The 

three objects a, b and c shown in the demonstration have single track for frame i and 

this group trajectory is maintained for the rest of the frames during occlusion. In [14] 

[18], [59] and [60], the authors have employed merge and split approach for occlusion 

reasoning to achieve multiple objects tracking. In this approach, the object model is 

generally not updated for occluded objects. However, the spatial position of the group 

of moving occluded objects is updated in every frame to maintain the track. The 

appearance modeling is computationally most expensive task in any multiple objects 

tracking approach. Therefore, this approach provides a fast solution as it does not 

update object model during occlusion. This approach is very useful in scenarios where 

long-term occlusion is predominant. However, this approach loses accuracy during 

occlusion as it does not track the individual objects. Consequently, this occlusion 

reasoning strategy, despite its efficient resource utilization, is not useful for many 

surveillance applications, especially where the exact position/track of the objects is 

required. 
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Figure 2.7: Merge and split approach: (a) Input frames, (b) Track estimation 

 

2.4.2 Straight through approach 

Straight through approach has been used widely for occlusion reasoning to address the 

issue of merge and split approach. The straight through approach is computationally 

expensive unlike merge and split approach, but it achieves high accuracy as it tracks 

objects individually during occlusion. The methodology of straight through approach 

is demonstrated in the Figure 2.8 with the help of three objects in the scene. All the 

three objects keep their track independently in proceeding frames during occlusion 

unlike merge and split approach. In [11], [16], [17], and [61], the authors have 

employed straight through approach for occlusion reasoning to achieve MOT with 

high accuracy. The computational cost of this approach is on higher side as compared 

to merge and split approach due to track estimation of occluded objects 

independently. The computational cost of this approach is constrained by the applied 

scheme for objects association during occlusion. The simple pixel based association 

methods cost is very low as compared to the feature key point based association 

methods. The pixel based methods results in outliers due to misclassification of pixels 

and hence decreases the accuracy during occlusion. On the other hand, feature key 

point based methods marginally reduce the problem of outliers as compared to pixel 
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based methods. However, feature based methods require significant portion of the 

occluded objects to be visible unlike merge and split approach where this constraint is 

a bit relaxed.   

 

Figure 2.8: Straight through approach: (a) Input frames, (b) Track estimation 

 

2.5 Summary 

The field of MOT got its significance due to the prevailing law and order situation of 

the world. The importance of intelligent video surveillance systems increased due to 

the deployment of huge surveillance cameras network. The MOT emerges as one of 

the prime area to analyze and summarize surveillance videos. A lot of research has 

been done to improve the accuracy of the MOT approaches without much emphasis 

on realizing a method with reasonable compute and memory resources. The 

performance of MOT algorithms in literature is categorized on the basis of object 

initialization, processing mode, appearance model and occlusion reasoning strategy. 

The accuracy and resource utilization of most of the MOT approaches are constrained 

by the object initialization/ detection responses. The customized object detectors 

employ certain object classifiers to detect objects in the scene. However, these types 

of object initialization techniques are not generic and have higher computational cost. 
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Moreover, these detectors require extensive prior training to make it feasible for use 

in different environments. Many MOT approaches have used background model to 

estimate foreground objects. These techniques offer low accuracy as compared to the 

state of the art techniques. However, these techniques provide generic and low cost 

solution for object initialization without any prior training. These techniques are 

useful for static cameras only, so they are useful for video surveillance, as most of the 

surveillance cameras are static. The performance of MOT algorithms is further 

constrained by the employed processing mode. The offline mode provides much 

better solution for occlusion with a compromise on real-time aspect of MOT systems. 

The online approaches on the other hand achieve real-time solution with some 

compromise on accuracy during occlusion due to the unavailability of future frames. 

The underlying appearance model is another important factor that affects the 

performance of the MOT algorithms. The histogram based methods are 

computationally cheap with more memory requirements. The GMM based methods 

require low memory resources with high computational cost owing to the 

initialization of different parameters, soft assignment, and iterative process. Finally, 

the occlusion reasoning strategy is also a factor that attributes towards MOT accuracy. 

The merge and split approach achieves real-time solution with relatively low 

accuracy, while straight through approach achieve high accuracy with additional 

computational cost. The Table 2.1 summarizes the resource requirements of different 

MOT algorithms on the basis of aforesaid categorization.  
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Table 2.1: Summary of resource utilization 

Author Appearance 
model 

Detection 
type 

Proces
sing 
mode 

Occlusion 
reasoning 

Computat
ional cost 

Memory 
consumpti
on 

Izdania et 
al. [62] 

SVM[Edge+ 
color] 

Pedestrian 
detector 

Offline Straight 
through 

High  Moderate  

Milan et 
al. [8] 

Histogram  Pedestrian 
detector 

Offline Straight 
through 

High  High  

Zamir et 
al. [9] 

Histogram Pedestrian 
detector 

Offline Straight 
through 

High High 

Hofmann 
et al. [10] 

Histogram  Pedestrian 
detector 

Offline Straight 
through 

High  High  

Huan et al. 
[11] 

HOG Background 
subtraction  

Online Straight 
through 

Moderate Moderate 

Z. Wang 
et al. [63] 

Histogram Background 
subtraction 

Online Straight 
through 

Low High 

Wu et al. 
[13] 

Histogram Pedestrian 
detector 

Online Straight 
through 

High High 

Yang et al. 
[14] 

Histogram Background 
subtraction 

Online  Merge 
and split 

Low High 

Naushad 
et al. [16] 

HOG Background 
Subtraction 

Online  Straight 
through 

Moderate  Moderate 

Papadoura
kis et al. 
[17] 

GMM Background 
Subtraction 

Online  Straight 
through 

High Low 

Henriques 
et al. [18] 

GMM Background 
Subtraction 

Online Merge 
and split 

High Low 
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Chapter 3  

K-means based Multiple Objects Tracking using Merge 

and Split Approach 
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3.1 Introduction 

This chapter presents a novel multiple objects tracking approach that models object’s 

appearance based on K-means, while introducing a new statistical measure for 

association of objects after occlusion. The low-cost merge and split approach is used 

for occlusion reasoning. The proposed method is tested on several standard datasets 

dealing complex situations in both indoor and outdoor environments. The 

experimental results show that the proposed model successfully tracks multiple 

objects in the presence of occlusion with high accuracy. Moreover, the presented 

work has the capability to deal long term and complete occlusion without any prior 

training of the shape and motion model of the objects. Accuracy of the proposed 

method is comparable to that of the existing state-of-the-art techniques as it 

successfully deals with all multiple objects tracking cases in the standard datasets. 

Most importantly, the proposed method is cost effective in terms of memory and/or 

computation as compared to that of the existing state-of-the-art techniques. These 

traits make the proposed system very useful for real-time embedded video 

surveillance platforms especially those that have low memory/compute resources. 

3.2 Motivation 

Development of the MOT algorithms is constrained by object/target detection because 

of background variations [64]. Generally, background subtraction and/or object 

detection classifiers are used for detection purposes. In recent years, due to the 

development of state-of-the-art object detection classifiers, the performance of object 

tracking methods has shown significant improvements [65]. However, the classifier 

limits the performance of the MOT algorithms due to its inherent computational cost. 

Customized detector based methods are not suitable for tracking objects other than 

humans. Moreover, customized detectors require extensive training to make it generic 

for different datasets. In our work, we use background subtraction technique for 

object detection because it does not require any training and has less computational 

overhead.  

The accuracy of MOT algorithms is also constrained by the processing mode.  

Many recent tracking algorithms [8], [9], [10] and [62] employ offline approaches to 

deal missed detection due to long-term occlusion by incorporating future frames over 

extended temporal windows. However, the offline approaches lead to significantly 
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larger delays between object detection and trajectory estimation. Therefore, offline 

tracking approaches are not suitable for time critical/real-time surveillance 

applications [56]. All time critical surveillance applications require online processing 

mode to reduce the delay between detection and estimation. However, unavailability 

of future frames in online approaches may lead to incorrect assignment of objects due 

to long-term occlusion. In this work, we have used online processing mode to make 

our design suitable for time critical and real-time surveillance applications.  

The major problem that hinders a robust and resource efficient multiple 

objects tracking solution is occlusion [41]. Even simple object interactions may cause 

long term partial/full occlusion. An object in a certain scenario may hide totally 

behind another object at one location and take substantial time to emerge at another or 

same location. After the split, the tracking algorithm needs to assign the same identity 

to the objects seen prior to the merge. Different techniques have been proposed 

previously to achieve online MOT in the presence of occlusion. 

MOT techniques in literature manage the major challenge of occlusion on the 

basis of appearance, shape or motion models. Motion models are widely employed to 

achieve the MOT. However, the motion model alone tends to fail for long term 

occlusion, because motion pattern can be non-uniform [2]. The appearance and shape 

model gets the importance in dealing with occlusion [44] because of their ability to 

associate objects during or after the occlusion. The appearance model is most 

commonly used model for occlusion reasoning [2]. Nguyen [66] proposes an 

appearance based template matching method for multiple objects tracking. In their 

work, appearance features are modeled using Kalman filters. Despite efficiency, this 

kind of representation easily suffers under non-uniform illuminations and occlusions 

[38]. Kratz et al. [15] use color histogram to compute appearance model to achieve 

the MOT. Yang [14] also tracks multiple objects by analyzing histograms for object 

appearance modeling. The aforementioned designs have large memory requirements, 

and in many situations it becomes bottleneck in developing real-time embedded 

surveillance systems.  

Many researchers have used Gaussian Mixture Model (GMM) for appearance 

modeling in multiple objects tracking techniques. Henriques [18] developed 

covariance matrix descriptor based on GMM to model appearance of an object. Tao et 
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al. [19] use shape, motion, and appearance model to achieve highly accurate multiple 

object tracking. They utilized Expectation-Maximization (EM) algorithm to estimate 

spatial and temporal constraints on motion and appearance. Khan et al. [58] utilize 

Gaussian Mixture Model to model the object in both the spatial and color space to 

track multiple objects. Papadourakis et al. in [17] have developed GMM based 

appearance model for object tracking that relies on phenomenon of object permanence 

to handle occlusions. However, due to the soft assignment nature of the underlying 

GMM technique, the technique results in high computational cost. The designs 

targeted for embedded smart camera based platforms are needed to address the issues 

such as processing power, energy and memory usage [21], [22] as these are typically 

resource constrained. Especially, the issue of memory consumption has not got much 

attention in the recent algorithms designed for computer vision applications [21]. 

Our approach is a latest addition in the aforementioned literature, in which, we 

devise a novel technique to model the appearance of an object using K-means. The K-

means requires less memory like GMM but unlike GMM its computational cost is 

very less due to its hard assignment nature. Recently, the K-means has been widely 

used to model objects in clustering applications. However, it is a new idea for 

photometric appearance modeling in the context of the MOT, so a similarity measure 

is required to achieve the MOT. Our technique uses the deterministic motion model 

with assumption that object in the next frame overlaps with previous frame. Our main 

contributions and findings in this work are listed as under: 

 We present a novel online multiple objects tracking technique dealing long-

term/complete occlusion using merge and split approach. 

 We present a novel technique to model appearance of an object using K-means 

while introducing a new statistical measure to find degree of similarity 

between ‘K’ clusters of multiple objects. 

 Our proposed algorithm successfully tracks multiple objects in a dynamic 

scene in the presence of long term occlusions without losing its trajectory. We 

extensively tested our method on multiple standard data sets to find that the 

proposed algorithm deals long term partial/complete occlusions without any 

prior training. 
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 The proposed K-means algorithm improves its performance as compared to 

that of the GMM. Results show that the proposed model is 

approximately5times faster than the GMM. In addition, the proposed 

methodrequires410 times less memory than histogram based methods for 

desired accuracy. 

Rest of the chapter is organized as follows. Section 3.3 comprehensively 

presents the proposed design methodology. Section 3.4 shows detailed results. 

Finally, conclusions and future research directions are highlighted in section 3.5. 

3.3 Proposed Methodology 

The proposed method uses stationary camera in which moving foreground objects 

(blobs) of each frame are extracted by subtracting the stationary background. The 

background is modeled using multiple means technique proposed by Apewokin et al. 

[55]. Subsequently, the extracted foreground object appearance is also modeled using 

multiple means, i.e., K-means. Furthermore, only the merge blob position is updated 

rather than individual objects appearance and position during the occlusion, i.e., the 

merge and split approach is used. The object trajectory information along with its 

appearance model is then used to associate objects after occlusion. The flow of design 

methodology is as shown in Figure 3.1.  

3.3.1 Blob detection 

After the estimation of background from the dynamic scene using multimodal mean, 

the foreground pixels are detected from each frame of the input video/image sequence 

by performing background subtraction. Background subtraction in case of still camera 

produces a change mask that can be singled out as a moving object. Distinct blobs are 

detected using connected component analysis. There is a one-to-one mapping between 

objects and blobs, which implies that a single object creates only one blob. This one-

to-one mapping is an underlying assumption of the proposed method. Morphological 

filtering is applied on blobs so that this assumption should be maintained throughout 

the tracking. Blob size filter is further used to eliminate undesired and disconnected 

smaller blobs. 
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Figure 3.1: Design flow of the proposed model 

3.3.2 Object modeling 

Each object is modeled using the parametric K-means model, representing its color 

information, and a rectangle that represents its spatial position. We use color as a 

feature for visual representation as color is a most prominent factor in object 

appearance, and is also widely used feature for appearance modeling in the MOT 

[38], [41]. An Object model is specifically defined as ‘���(����, �)’; the rectangle 

‘rect’ keeps the track of spatial position of an object and ‘�’ are the number of 

clusters of its photometric appearance. 

The appearance of an object is modeled as ‘�(��, μ�)’, 1 ≤ � ≤ � thatshows 

the color distribution of objects pixels into different clusters, where ‘�’ is the total 

number of Clusters. Here, ‘��’ represents the weight of the ��� cluster computed as:   
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�� =
�������_������

�����_�����
,    (3.1) 

where ‘�������_������’ is the total number of pixels in the ��� cluster, while 

‘�����_�����’ is the total number of pixels in the object. Finally ‘μ�,�’ represents the 

mean of the color distribution of ��� cluster of current iteration, it is being computed 

using standard K-means algorithm as shown in Algorithm 3.1: 

��,� = ������∑ ∑ ��(�, �) − ��,����
�

�(�,�)���
�
��� ,                 (3.2) 

where ‘��,���’ is the mean of points in ‘��’ cluster of previous iteration, ‘�’ is the 

color/intensity value and ‘M’ are the number of clusters. The results of appearance 

model using K-means (M=4) clustering are as shown in Figure 3.2. 

Algorithm of K-means for appearance modeling 

Input: RGB color image, detected blob 

Output: Appearance model  

Begin: 

1. Initialize clusters centroids ��, ��, ………�� 

2. Begin1:����� = argmin��(�, �) − ��,��
�
 , where 	� = 1	to	� 

3. FOR � = 1	to	� 

4.          �� = place �(�, �)	in the closest ����� 

5. END FOR 

6. FOR	� = 1	to	� 

7. 
									��,� =

∑ �(�, �)�(�,�)∈��

�������_������
 

8. END FOR 

9. Repeat Begin1 till ��,� converges 

END Begin 

Algorithm 3.1: K-means algorithm 
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Figure 3.2: Results of object modeling using K-means 

The rectangle ����(����, ����, ����, ����) represents the bounding box 

around an object; where (����, ����) are the minimum and (����, ����)are the 

maximum spatial coordinates of the rectangle. All these coordinates are computed 

from the object (blob) of the current frame; this information is used to correctly 

reassign labels to the moving objects.   

3.3.3 Blobs association with objects 

This section aims to associate set of pixels in a blob to an object. All the emerging 

blobs will be registered as moving objects in the respective frame. We use the similar 

approach for object association as presented in [17]. After the registration of objects, 

following cases may occur 

a) A blob is not associated with any object. 

b) An object has no association with any blob. 

c) An object is exactly associated to one blob. 

d) Multiple objects have association to a single blob.  

Description of the four cases is given below: 

a) A blob is not associated with any object 

∀��, � ∩ ��(����) = ∅,    (3.3) 

where ‘�’ and ‘�’ are the detected blob and existing object respectively, while1 ≤

� ≤ ���_��� and ‘���_���’ is the total number of registered objects. 

This shows that this blob does not belong to any existing object, which means it is a 

new object that has just appeared for the first time. Therefore, it will be registered as a 

new object and its spatial and photometric model will be computed. 
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b) An object has no association with any blob 

∀��, �� ∩ �(����) = ∅,    (3.4) 

where 1 ≤ � ≤ ���_�����, and ‘���_�����’ is the number of detected blobs in the 

current frame. This implies that existence of the object ‘O’ is not substantiated by any 

of the detected foreground blob. In this case, it is assumed that the object ‘O’ has left 

the scene. Therefore, its tracking must be stopped and its registration needs to be 

cancelled. 

c) An object is exactly associated to one blob. 

� ∩ �(����) ≠ ∅I    (3.5) 

This is the scenario when an object ‘O’ is in one to one correspondence with blob ‘b’. 

In this case, tracking information label will be assigned to the object ‘O’, and its 

spatial and photometric model will be updated. 

d) Multiple objects have association to a single blob 

As we already discussed that one to one correspondence of objects with blobs is 

violated in the case of occlusion. Therefore, when multiple objects compete for the 

one blob; it means objects have merged and are occluding each other. The merge blob 

needs to be tracked during occlusion, and this is done by updating only the merge 

blob spatial model in consecutive frames. During the occlusion, the individual 

object’s spatial and photometric models are not updated. 

3.3.4 Object model update 

After the assignment of every blob to some particular object ‘���(����, �)’, its 

position(����) and appearance model(�) is updated in each observed frame. As 

mentioned earlier, the position of object can be taken from the spatial layout 

distribution of a blob, while appearance model can be updated using K-means. Object 

information is updated only when it is in one to one correspondence with a blob, as 

we already know that occlusion violates one to one correspondence. Therefore, the 

appearance and spatial model of occluded objects is stopped from being updated, and 

only the spatial model of the merge blob is updated.  
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3.3.5 Merge and split detection 

When multiple objects compete for a single blob, then it is the case of occlusion. 

There is a need to detect the start of object’s merge to keep the photometric 

appearance model of objects preserved, as observed in the last frame before merging 

of objects. The blob appears after the merger of objects is labeled as ‘merge_blob’. 

The position of the blob is updated in every frame to keep the track of the occluded 

objects alive, but appearance model of objects is not updated during occlusion.  

As shown in Figure 3.3, frame �shows the case when O1 and O2 are about to 

merge. In frame k + 1 merger of objects happen, it is the time when appearance 

model of frame k needs to be preservedfor both the objects, so that it can be used to 

find correspondence between objects and blobs after occlusion. Meanwhile, the 

identification label of occluded objects is assigned to the merge blob to save 

computation time during feature correspondence, as after split an object needs to 

compare with merged objects only. The number of occluded objects in a merge blob 

is defined as: �����_����_�����(�), where1 < � ≤ ���_�����_��� and 

‘���_�����_���’ is the number of occluded objects in the respective merge blob. 

From frame k + 1 to j, only position of the blob is updated to keep track of all the 

occluded objects. In frame j + 1, split of the objects O1 and O2 can be seen and 

determined by the intersection of position models of blobs in frame j and j + 1 as 

shown in equation 3.6 and 3.7. When a single merge blob in frame j intersects with 

more than one blob in frame j + 1, then it is said to be the end of occlusion.  

��(����) ∩ �1���(����) ≠ ∅    (3.6) 

��(����) ∩ �2���(����) 	≠ ∅    (3.7) 

3.3.6 Feature correspondence after split 

After the split of merge blobs, object association is needed to be done for further 

tracking. The appearance model of the object seen just before the onset of occlusion is 

used to compute the degree of similarity with newly split blobs. A new distance 

metric has been developed to find the degree of similarity between appearance models 

of two objects. The proposed distance metric’s accuracy is ensured after evaluating it 

on many image sequences and different real-time scenarios.  
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Figure 3.3: Occlusion reasoning adapted from [14] 

To calculate similarity index after the split of objects, their appearance models 

are compared as follows. Consider objects O1 and O2 composed of � clusters, where 

each cluster is represented by its centroids ‘�’. Euclidean distance between RGB 

triplets of ��� centroid of O1 ‘��’ and ��� centroid of O2 ‘�′
�
’ is computed as follows: 

���� = ���� − ���� ��� − �
�
�
�
�

,    (3.8) 

where 1 ≤ � ≤ �, and 1 ≤ � ≤ �. Using the above equation distances between all the 

centroids of the two objects is computed. The minimum inter-cluster/inter-centroids 

distance is found first, and then we find the second minimum inter-centroids distance. 

In this way, we find ‘�’ inter-centroid distances between the two objects. Finally, the 

weighted summation of all the ‘�’ minimum distances will give the degree of 

similarity between O1 and O2. The algorithmic detail of finding degree of similarity 

between two objects is as follows: 
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���	Matrix ‘��’ of inter-centroids distances between ‘�’ centroid of the two 

objects is computed as: 

�� = �
���� ⋯ ����
⋮ ⋱ ⋮

���� ⋯ ����

�    (3.9) 

Now we find the minimum inter-centroids distance ‘����’ from the ‘��’ 

matrix. After finding the minimum inter-centroid distance, we make sure that the two 

centroids are not involved in finding the subsequent ‘� − 1’ minimum inter-centroid 

distances. This is ensured by assigning a very high value (infinity) to the ��� row and 

��� column of the matrix, which are involved in the minimum inter-cluster distance, as 

shown in Algorithm 3.2. In this way we get the most similar centroids first, and we do 

not get any other distances involving these centroids afterwards. For example, if 

centroid 1 of first object is the most similar to centroid 2 of second object, they will 

result in the minimum inter-centroids distance, and in finding the rest of ‘� − 1’ 

minimum inter-centroids distances, these two centroids will not be used. After the 

minimum inter-cluster distance, we find the second minimum inter-cluster distance 

using the same procedure, and so on until we find ‘�’ minimum inter-centroids 

distances. Finally, Cost metric ‘��’ is computed by weighted summation of these ‘�’ 

inter-centroid distances. 

The object association will be done after computing ‘��’ between the split 

blob and all the objects associated with the merge blob. O1 and O2 is said to be 

associated, if the object O1 matches the split blob O2, i.e., they have the minimum 

‘CV’. Consequently, object O1 will not be the part of the merge blob anymore, so its 

label will be removed from merge blob, and the merge blob count will be 

decremented. From now on this object will continue to be in one to one 

correspondence with a blob in the subsequent frames. Same procedure will be adopted 

for the association of all the occluded objects till ‘�����_����_�����’ reaches to 

zero for respective merge blob. The experimental results in the subsequent section 

demonstrate the effectiveness of the proposed distance metric to associate objects 

after the end of occlusion. 
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Algorithm for Statistical Measurement between two objects 

Input: ED Matrix 

Output: Distance between two objects 

Begin: 

1. Find min of �� 

2. Find index of min of �� as �, � 

3. ∀��{�,…,�}��(�, �
��) = ��� 

4. ∀��{�,…,�}��(�
��, �) = ��� 

5. �� = �� + �� ∗ �� ∗ (min of ��) 

6. Repeat Begin till M iterations 

END Begin 

 

3.4 Experimental Setup and Results 

We implemented our algorithm in Microsoft Visual Studio C++ running on an Intel 

core-2-Duo 2.10 GHz PC. The proposed scheme has been tested on different standard 

image sequences to test the validity of the method. We evaluate the system for indoor 

and outdoor environments with occlusions. The proposed method is extensively tested 

on pedestrians. We find that more than 70% of the MOT algorithms are used to track 

pedestrians [38]. The summary of datasets used to evaluate the proposed system is 

shown in Table 3.1.  

The first set of experiments is performed on CAVIAR dataset [30]. In this 

sequence, two persons meet and interact for more than 100 frames and then leave 

each other. Figure 3.4 demonstrates the results, in frame 279 both the individuals have 

been tracked as different individuals and labeled appropriately. First person has target 

ID#2 appearing at the top corner of the yellow rectangle, while the other person has 

target ID#3 appearing at the top corner of the red rectangle. The appearance model 

and bounding box information of the said frame is shown along side in blue frame. In 

frame 284 they just approach each other but maintain their unique identity. The 

complete occlusion can be observed in frame 312. That is why they are now being re- 

Algorithm 3.2: Distance measurement algorithm 
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Table 3.1: Datasets 

Source Number of 
frames 

Frames per 
second 

Resolution 

CAVIAR fight [30] 550 10 320 ×240 

CAVIAR meet [30] 826 10 320 × 480 

GT RecCenter Hall [31] 1462 3 640	×480 

Lab [32], [33] 2127 25 320 ×240 

PETS2001 [34] 2688 25 760	×580 

PETS 2009S2L1 [35] 794 - 760	×580 

 

organized as occluded objects and their appearance models have been stopped from 

being updated. It can be seen that corresponding blue frame does not show anything 

except a rectangle (shape model for the blob) and filled circle to show that this blob 

contains multiple occluded objects. A split can be seen in frame 412; it has taken 

almost 100 frames before they split. The proposed system has successfully associated 

objects after occlusion with the help proposed distance metric. 

 

Figure 3.4: Results of CAVIAR dataset (Meet) 

The second set of experiments is also performed on CAVIAR dataset [30]. 

This image sequence demonstrates a more complex situation where two persons meet, 

fight and runaway. It has total number of 550 frames; the same dataset has also been 

evaluated by [14]. Figure 3.5 demonstrates the results, in frame 302 both the 

individuals have been tracked as different individuals and labeled appropriately. In 
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frame313, they approach each other and are partially occluded, that is why the they 

are now being recognized as occluded objects and their appearance models has been 

stopped from being updated, while bounding box of the merge blob is updated to keep 

track of the occluded objects. During occlusion, the position of the objects change 

greatly and quickly, as in frame 322 a person is completely occluded by the other 

person and in frame 361 they have changed their positions. A split can be seen in 

frame 402; it has taken almost 100 frames before they split. The proposed system has 

successfully associated objects after occlusion using statistical distance measure. 

 

Figure 3.5: Results of CAVIAR dataset (Fight)

Figure 3.6 shows the results of a GT RecCenter Hall dataset. This sequence 

demonstrates a situation when objects change their position abruptly and face short 

term occlusions. In this dataset, frame rate is quite low. Results show that people are 

tracked after occlusion successfully at different instances of time, despite abrupt 

change in their positions.  
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Figure 3.6: Results of GT RecCenter Hall dataset

The sequence is taken from [32]. In this sequence, the activity of the lab is 

being monitored. Figure 3.7 shows the results, it can be observed that appearance 

model of the object has not been modeled as good as in previous sequences. This is 

due to the poor background subtraction, as color of the background almost matches 

the object, but the proposed model is still able to track correctly. 
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Figure 3.7: Results of LAB dataset 

This image sequence has been taken from the PETS2001, and is also used by 

[14]. It has total of 2688 frames, and has a complex scenario involving interaction of 

objects like vehicles and humans. A set of frames has been as shown in Figure 3.8 to 

demonstrate the performance of the proposed method. 

 

Figure 3.8: Results of PETS 2001 dataset 
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The last sequence is taken from PETS 2009 S2 L1 Dataset [35]. This is mostly widely 

used sequence for all the state of the art Multiple Objects Tracking algorithms. This 

sequence has more persons involve in a video with more similar appearance as 

compared the previous datasets. The proposed algorithm successfully achieves MOT 

and handles occlusion despite high similarities between their appearances. The results 

are as shown in Figure 3.9. 

 

Figure 3.9: Results of PETS 2009 dataset 

The experimental results of different standard datasets show that proposed 

model successfully handle occlusions in different situations. There are no strong 

assumptions imposed on the tracking methodology. Though background subtraction 

and foreground modeling is not the prime concern of our proposed methodology. 

However, if a single object emerges as a set of disconnected blobs, it violates the 

major assumption that a single object corresponds to only one blob, and the proposed 

method will not work. It is also difficult to choose number of clusters ‘k’ needed to 
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represent the appearance model, especially when there are different kinds of objects 

other than pedestrians. The GMM based mixture models use ad-hoc or heuristic 

approach to select number of Gaussians. We have used ad-hoc approach to select 

number of clusters; heuristic approach can increase accuracy but has more 

computational cost. 

3.4.1 Computational cost and memory requirements 

Major research on MOT mainly focuses on achieving the goal of accuracy with 

minimal errors. A little attention has been paid to the practical aspect of realizing a 

method with reasonable compute time [20].We have compared our proposed K-means 

model with GMM and histogram for qualitative evaluation in terms of speed and 

memory as suggested by [67]. The average computational cost for modeling a single 

object is shown in Table 3.2, while the memory requirements of the above mentioned 

techniques are shown in Table 3.3. Table 3.2 shows that the speed of proposed 

method is slower as compared to that of the histogram based methods, but it is faster 

as compared to that of the GMM model. The speed of the histogram based methods 

depends upon the number of objects in the scene, because it will cost additional 

memory access time on access from main memory [68]. Therefore, it will affect the 

performance of a real-time embedded system. Our design does not increase memory 

requirements significantly with increasing number of objects. The performance also 

depends upon the initialization of centroids, proper initialization can further decrease 

the time required for a cluster’s centroids to converge.  

Table 3.2: Average computational cost 

Dataset Proposed 
method(Clusters=4) 

GMM 
(Clusters=4) 

Histogram (Bin 
size=16 × 16 × 16) 

Lab 66 250 0.33 

CAVIAR 10 59 0.12 

PETS2001 46 240 0.25 

GT RecCenter Hall 72 290 0.39 

PETS 2009S2L1 49 262 0.27 
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As shown in Table 3.3, the proposed model achieves quite high efficiency as 

for as the memory requirement is concerned. The proposed model requires minimum 

memory as compared to GMM and Histogram, because it only needs to store 

centroids and their associated weight. For instance, for four clusters we only need to 

store four centroids for each of the three RGB components, i.e., 12 bytes, plus eight 

bytes for the corresponding weights of the centroids, which makes it a total of 20 

bytes. The GMM based method, on the other hand, requires almost double memory to 

save variances as well. Finally, the histogram based methods are the most expensive 

in terms of memory requirements; its memory requirements depend upon the bin size 

e.g. 8 × 8 × 8(RGB) bin size requires 1024 bytes of memory. 

Table 3.3: Memory consumption (Bytes) 

Proposed Method 
bytes/cluster 

GMM 
bytes/ cluster 

Histogram 
bytes/size of bins(RxGxB) 
 

15/3  33/3 1024/8x8x8 

20/4  44/4  8192/16x16x16 

25/5  55/5 65536/32x32x32 

 

3.4.2 Accuracy analysis with respect to number of clusters (K) and bin 

size 

We evaluate our design for different values of K to test the discriminability of the 

proposed system [67] using the novel distance metric, where K is a number of 

clusters. Figure 3.10 shows the results. Some key observations are highlighted as 

under: 

 For K=2, all the datasets failed to achieve the MOT during occlusion except in GT 

RecCenter Hall dataset for only one case when appearance of both objects differ 

largely. 

 For K=3, it has achieved the MOT during occlusion except for a case found in 

CAVIAR and the other is found in PETS2009 dataset when both objects are closer 

in appearance, and it happens four times for the same persons in different frames 

of PETS2009. But for this cluster size, the gap between degree of similarity and 
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dissimilarity is less which can cause problems with more objects participating in 

The system response for K=4 is accurate for all the datasets, as it achieves the 

MOT. It also expands the gap between degree of similarity and dissimilarity.

When the values of K are further increased, the gap between similarity and 

dissimilarity widens more. Since, we have tested our design for pedestrians, it is 

advised to choose K=4 to achieve optimal accuracy and speed for pedestrians 

3.10: Analysis of number of clusters for K-means

We have also tested GMM based appearance modeling with different number of 

clusters. Main observations and findings are listed below. 

We observe that system tends to fail for G=2, where G is number of Gaussian 

=3, the system achieves the MOT for all the datasets except a case found in 

PETS2009 dataset where both persons have similar appearance, and

four times for the same persons in different frames of PETS2009. But for this 

value it narrows the gap between distance of similar and different objects as 

3.11. 

=4, the MOT is achieved with high degree of assurance as it w

Therefore, it is safe to use G=4 to achieve the MOT for pedestrians, when 

appearance is modeled using the GMM. 
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Figure 3.11: Analysis of number of clusters for GMM

Finally, we have modeled appearance using histogram to analyze the effect of bin size 

Figure 3.12 summarizes the results. The main observations are 

10 (RGB) bin size as used by [14], it successfully handles both 

the CAVIAR and PETS datasets, but fails for other datasets using this bin size. 

A very large bin size can decrease memory requirements at the cost of accuracy, 

because different objects’ pixel may tends to lie in same bin. 

A very small bin size does not guarantee the higher accuracy, because same 

ixel may lie in different bins. Therefore, a careful selection of bin size 

is required, which is neither too large nor too small. The histogram based

technique achieves desired accuracy, i.e., it deals with all the cases, at 

bin size for the given datasets. Furthermore, its accuracy increases up to

, and then starts to decrease. 

Figure 3.12: Analysis of bin size for histogram 
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3.5 Conclusions 

A novel multiple objects tracking approach that models object’s appearance based on 

K-means while introducing a new statistical measure for association of objects after 

occlusion is presented in this work. The proposed method is tested on several standard 

datasets involving complex situations both in indoor and outdoor environments. The 

experimental results show that the proposed model successfully tracks multiple 

objects in the presence of occlusion with high accuracy. Furthermore, the proposed 

method has the capability to deal long term and complete occlusion without any prior 

training of the shape and motion model of the objects. The accuracy of the proposed 

method is comparable to that of the GMM and histogram based methods as it 

successfully deals with all multiple object tracking cases in the standard datasets. 

Most importantly, the proposed method is cost effective in terms of computation and 

memory usage as compared to that of the GMM based methods. It is also cost 

effective in terms of memory usage when compared in relation to the histogram based 

methods. These traits make the proposed method very useful for real-time embedded 

video surveillance platforms that typically have small amount of memory. 
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Chapter 4  

Low-cost K-means based Multiple Objects Tracking 

with Object Appearance Update Model 
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4.1 Introduction 

This chapter presents a low-cost multiple objects tracking technique by employing a 

novel appearance update model for object appearance modeling using K-means. The 

state of the art work has attained a very high accuracy without considering the real-

time aspects necessitated by currently trending embedded vision platforms. The major 

research on multiple objects tracking used to update the appearance model in every 

frame while discounting its persistent nature. The proposed appearance update model 

reduces the computational cost manifolds by exploiting this facet of persistent 

appearance over the sequence of frames. To ensure accuracy, the proposed model is 

tested on different publicly available standard datasets with challenging situations for 

both indoor and outdoor scenarios. The experimental results illustrate that our model 

successfully achieves multiple objects tracking while coping long term and complete 

occlusion. The proposed method achieves same accuracy in comparison with the 

state-of-the-art baseline methods. Moreover and foremost important, the proposed 

method is cost effective in terms of compute and/or memory requirements in 

comparison to the state-of-the-art techniques. All these traits make our design very 

suitable for real-time and embedded video surveillance applications with low 

compute/memory resources. 

4.2 Motivation 

Despite the huge amount of tremendous research, the efficient and real-time solution 

to MOT problem is the least explored area. A few designs have achieved real-time 

computational requirements with desired accuracy. Kratz et al. [15] and Yang [14] 

employ histogram to achieve multiple objects tracking with low computational 

requirements. However, histogram based solutions require more memory to store 

histogram bins. Henriques [18], Tao et al. [19], Khan et al. [58] and Papadourakis et 

al. [17] use GMM for object modeling to achieve MOT with low memory 

requirements. Although the GMM based models require low memory resources but 

have higher computational cost. The computational cost of GMM increases many 

times due to multiple iterations for the estimation of appearance model, which require 

accessing and processing the image multiple times from memory or low level cache.  

The cost of GMM is further increased due to the underlying soft assignment nature of 

the baseline GMM method and the periodic update of object’s appearance model in 

every frame. 
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We have proposed a novel K-means based appearance model for MOT in our 

first contribution [28] to address both the issues of memory requirements and 

computational cost. It models object’s appearance based on K-means, while 

presenting a new statistical distance metric for objects association after occlusion. The 

K-means based method is used to bridge the performance gap of baseline GMM and 

histogram methods in terms of computational cost and memory requirements [28]. 

Because of its hard assignment nature and fewer parameters, the K-means based 

method outperforms GMM method in terms of computational time with comparable 

accuracy, while having similar memory requirements. The K-means method also 

outperforms histogram method in terms of memory requirements while achieving 

comparable accuracy. However, the iterative process to model objects appearance 

using K-means in each frame make our contribution 1 [28] computationally expensive 

as compared to histogram based methods which can bar it from real-time applications. 

Moreover, the computational complexity is also due to the fact that random 

initializations of K-means centroids in our contribution 1 took considerable time to 

converge. 

The major research on MOT is primarily focused on attaining the task of high 

accuracy with minimum errors, rather than the practical aspect of realizing a method 

with less computational time to meet real-time requirements [20], [69]. Therefore, 

resource utilization has not been properly addressed and is being one of the major 

problems for the development of MOT/analytic algorithms aiming embedded vision 

platforms. The aforementioned MOT techniques summarize the problems pertaining 

to the existing models, i.e., memory and processing requirements. Few research 

efforts have been made to address this issue of resource utilization with comparable 

accuracy [70], [71] and [72]. However, appearance model in these algorithms is 

updated in every frame, disregarding the persistent nature of appearance. This is the 

one of the major source that supplements the performance penalty in terms of 

computational cost in addition to the computational load of the underlying object 

initialization scheme, appearance model and tracking strategy. 

In this work, we propose a novel appearance update model to reduce the 

frequency of appearance modeling, as appearance normally tends not to change 

abruptly due to its persistent nature. Furthermore, histogram based centroids 
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initialization is employed to reduce convergence delay. The proposed appearance 

update model reduces the computational cost manifold to make our algorithm suitable 

for real-time applications. Our main contributions/ findings in this work are listed 

below: 

 We present a novel object appearance update model for multiple objects 

tracking, the proposed model can be applied to any MOT technique (e.g. 

histogram based MOT, GMM based MOT, or K-means based MOT) for 

significant reduction in computational cost 

 We have applied our algorithm on K-means based multiple objects tracking, 

our contribution 1, to show its manifold computational performance gain. We 

have also incorporated histogram based centroids initialization to reduce 

convergence time of K-means. 

 Our proposed method successfully achieved MOT in different indoor and 

outdoor scenarios in the presence of short/long term and partial/complete 

occlusion with low appearance update rate. We validated our proposed 

algorithm on different standard datasets. 

 The proposed design outperforms K-means based algorithm as it is more than 

6X faster. Moreover, the proposed method increases the memory requirements 

slightly as compared to the K-means based algorithm. However, our design 

still requires 158X less memory as compared to histogram based techniques. 

The rest of the chapter is organized as follows. Section 4.3 comprehensively 

explains the design methodology. Section 4.4 presents results and brief discussion on 

results. At the end, conclusions/future research dimensions are summarized in section 

4.5.  

4.3 Proposed Methodology 

The design flow of proposed methodology is shown in Figure 4.1. The proposed 

technique extracts moving objects (blobs) using background subtraction technique. 

The background modeling technique is based on multiple-model means presented by 

Apewokin et al. [55]. Initially, the foreground object/blob appearance is modeled 

using K-means with histogram based initialization of the cluster centroids. 
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Afterwards, the appearance model of the respective blob in the proceeding frames is 

updated only when there is a significant change in the appearance. 

 

Figure 4.1: Design flow of the proposed method 

4.3.1 Appearance model using histogram initialization 

At first, dynamic background model is estimated/ updated using multimodal mean as 

used in chapter 3. Object appearance is modeled using K-means as proposed in our 

first contribution [28] with additional histogram based centroids initialization [73]. As 

centroids initialization in K-means is one of the major challenges, and it needs to be 

addressed for fast convergence and appropriate clusters. In the proposed histogram 

based initialization, the top ‘M’ (bins) peaks of the color histogram are taken as initial 

cluster’s centroids. The object model is represented as	���(����, �); the rectangle 
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‘rect’ represents spatial bounding box (position) around an object and ‘�’ represents 

the visual appearance of an object. The object model will be the same as computed in 

Chapter 3 (sub-section 3.3.2) with the addition of histogram based initialization. The 

algorithm of the proposed appearance model is shown in Algorithm 4.1. 

Appearance Modeling Algorithm 

Input: RGB color image, detected blob 

Output: Appearance Model 

Begin: 

1. Compute histogram of a blob/object 

2. Take top � peaks bins 

3. FOR � = 1	to	� 

4.          Find RGB triplet for ��� respective bin from the pool of �	chosen bins 

5. END FOR 

6. Initialize clusters centroids ��, ��, ………��  using respective RGB triplet of � bins 

7. Begin1: ����� = argmin��(�, �) − ��,��
�
, where � = 1	to	� 

8. FOR � = 1	to	� 

9.          �� = place �(�, �) in the nearest  ����� 

10. END FOR 

11. FOR � = 1	to	� 

12. 
									��,� =

∑ �(�, �)�(�,�)∈��

�������_������
 

13. END FOR 

14. Repeat Begin1 till ��,� converges 

END Begin 

The rectangle model ����(����, ����, ����, ����)represents the spatial boundary 

of an object; where (����, ����)are the maximum and(����, ����) are the 

minimum spatial coordinates. These coordinates are extracted in each frame for every 

Algorithm 4.1: K-means algorithm with histogram based initialization 
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object (blob); this spatial information is used for blobs/objects association to achieve 

MOT. 

4.3.2 Blobs association with objects 

This section formulates the association of an extracted blob to an object. The newly 

observed blob will be registered as a new object in the respective frame, and then their 

association is made afterwards in the coming frames. We employ the similar 

heuristics for object association/tracking as used in [17] and [28] with some changes. 

The changes are the because of the new appearance update model that we employ. 

After blob detection, following four scenarios may arise: 

a) A blob has no association with existing objects. 

b) An object is not associated with any extracted blob. 

c) An object has association with only one blob. 

d) A blob shows association with multiple objects.  

The three out of four cases will behave in the same way as presented in chapter 3. The 

third case ‘when an object has association with only one blob’ will incorporate object 

appearance update model before appearance modeling. 

4.3.3 Appearance update model 

The appearance update model is helpful in the case when there is a one to one 

association between blob and object.  

�(����) ∩ �(����) ≠ ∅    (4.1) 

This shows that a blob ‘b’ has one-to-one correspondence with an object ‘O’, and 

hence the tracking identity is assigned to the object ‘O’ with its appearance and spatial 

model updated. As an object appearance does not change more often. Therefore, there 

is no need to update the appearance model unless there is a significant change in its 

appearance. The proposed appearance update model exploits this fact by 

incorporating histogram similarity.  

For object appearance update model; when the object appearance is estimated 

for the first time, the top 8 peaks (with respect to magnitude) of the object color 

histogram are also stored along with the K-means object appearance model. We have 

observed from our analysis of various standard datasets (mostly pedestrians) that top 8 

peaks mostly cover more than 70% of color magnitude of the object histogram. In 

subsequent frames, the top 8 histogram peaks of the corresponding blob of the object 
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are compared with the stored top 8 histogram peaks for similarity estimation. 

Histogram similarity is calculated as: 

���� = ∑ ������_���(�) × �����(�) − �����_���(�) × �����(�)�
�
� ,		              (4.2) 

where ‘�����_���(�)’ is the magnitude of the ��� bin for blob ‘�’ and ‘�����(�)’ is the 

bin index of the ��� bin out of 4096 bins, while ‘�����_���(�)’ is the magnitude of the 

��� bin for object ‘O’ and ‘�����(�)’ is the bin index of the ��� bin. The appearance 

model is updated when	���� > �ℎ���ℎ���, and the top 8 peaks of histogram are 

recomputed. Otherwise, the object model retains its previous K-means centroids and 

top 8 bins. The object appearance update model algorithm is shown in Algorithm 4.2.  

Appearance Update Model Algorithm 

Input: RGB color image, top 8 bins histogram magnitude  

Output: Binary decision about appearance update 

Begin: 

1. Compute histogram of blob ′�′ 

2. Choose top 8 bins 

3. FOR � = 1	to	8 

4.         Sort �����_���(�),�����(�) 

5. END FOR 

6.  ���� = ∑ ������_���(�) × �����(�) − �����_���(�) × �����(�)�
�
�  

7. IF ���� > �ℎ��ℎ��� 

8.          Update appearance model using K-means algorithm 

9.          Update top 8 bins 

10. ELSE 

11.          Old appearance model will remain effective 

12. END IF 

END Begin 

Algorithm 4.2: Appearance update model algorithm 
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4.4 Experimental Setup and Results 

The proposed technique is implemented using Microsoft Visual Studio C++ running 

on an Intel Core-2-Duo 2.10 GHz PC with 3GB RAM. We have tested our design on 

various standard datasets to validate the performance of the proposed model. We 

evaluated the performance of the system for outdoor and indoor scenarios with 

occlusions. The Table 4.1 provides the summary of datasets used to evaluate the 

proposed design. The results are illustrated below. 

Table 4.1: Datasets 

Source Number of 
frames 

Frames per 
second 

Resolution 

CAVIAR meet [30] 826 10 320 × 480 

GT RecCenter Hall [31] 1462 3 640	×480 

PETS2001 [34] 2688 25 760	×580 

PETS 2009S2L1 [35] 794 - 760	×580 

 

The object appearance update model and tracking results are presented in 

Figure 4.2. When the appearance model is updated in a frame, it is shown using a set 

of clusters (different colors) inside the spatial bounding box, while the empty spatial 

bounding box is shown when the appearance model is not updated. The person in 

frame 300 has its appearance modeled as shown in the blue frame, while frame #390 

shows a case when the appearance update model does not remodel the appearance due 

to insignificant change in the appearance. The person appearance has been updated 

only in 15 frames from frame 300 to 390. This object appearance update in only 15 

frames out of 91 frames makes the advantage of our appearance update model 

obvious. In frame 480, a second object (vehicle) has entered in the scene for the first 

time and its appearance is modeled after registration of this object. The second object 

(vehicle) update rate is quite low as it is not updated till frame 640 (it is not shown to 

be updated even in the figure).This low update rate is because of its bigger size and 

uniform color, despite poor background subtraction due to shadows. On the other 

hand, the first object update rate was comparatively higher, because of slightly poor 

background subtraction and very small visible size of the object. Our appearance 
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update model successfully tracked both objects despite occlusion while updating the 

appearance model only when necessary thus saving valuable computational time. 

 

Figure 4.2: Appearance update model results 

The tracking results for different publically available standard datasets are 

presented in Figure 4.3. The results of CAVIAR dataset where two persons meet, 

interact and leave each other after few frames is presented in Figure 4.3a. To illustrate 

tracking of multiple objects, the objects are shown by different color rectangles and 

their distinct ID’s inside the rectangle. It is observed that different objects are tracked 

successfully despite longterm occlusion. The GT RecCenter Hall dataset results are 

shown in Figure 4.3b exhibiting a situation where objects move quickly while facing 

short-term occlusions. Results demonstrate the accuracy of the proposed model 

despite low frame rate. The results from PETS2001 is demonstrated in the Figure 4.3c 

dealing with complex scenario of interacting objects having different sizes like 

humans and vehicles. The set of frames demonstrate the accuracy of the proposed 

method. The last sequence is taken from PETS 2009S2L1 widely used dataset for all 

the MOT designs [38]. It involves pedestrians with high similarities in their 

appearance. The proposed algorithm achieved high accuracy despite high appearance 

similarities and frequent occlusion as shown in Figure 4.3d. Our algorithm 
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successfully handled all the complex cases of these publically available standard 

datasets despite the proposed infrequent update of the object appearance model. In 

summary, our algorithm achieves same accuracy as the baseline algorithms of GMM, 

histogram, and K-means as it handles all the complex scenarios of the standard 

datasets. 

 

Figure 4.3: MOT results: (a) CAVIAR dataset, (b) GT RecCenter Hall dataset, (c) 
PETS2001 dataset, (d) PETS2009 dataset 
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The most important contribution of this work is presented in Table 4.2, i.e., 

update rate for different datasets. The average update rate is defined as the average 

update of all the objects in the dataset, while best case update rate is defines as the 

least update rate required by an object among all the objects in the dataset, and the 

worst case update rate is the highest update rate required by an object. The update rate 

depends upon quality of background subtraction, illumination changes, shadows and 

size of the visible object. The update rate of PETS2009S2L1 dataset is very low 

because of uniform size objects, better blob detection and controlled lightning 

conditions. The difference between worst and best case update rate of PETS2009S2L1 

dataset is very low, that suggests about the uniformity of update rate for all the 

objects. Whereas, the update rate of GT RecCenter Hall dataset is on higher side 

because of poor blob detection and shadows. Furthermore, the frame rate of the Hall 

dataset is quite low and objects stay in the scene for a very short time. This low 

appearance update, i.e., update appearance only when necessary, results in manifolds 

reduction in computational time as discussed in the following section. 

Table 4.2: Appearance model update rate 

Dataset Average update rate Best case update 
rate 

Worst case update 
rate 

CAVIAR  18.18% 8% 26.66% 

PETS2001 14.70% 2.27% 20% 

GT RecCenter Hall  26.08% 10% 40% 

PETS 2009S2L1 9.25% 6.66% 12% 

 

4.4.1 Computational cost and memory requirements: 

We have compared the qualitative metrics of the proposed model with baseline and 

state-of-the-art trackers aiming real time embedded applications with respect to 

‘speed’ and ‘memory’. The average execution time of the proposed algorithm for 

modeling a single object of different datasets is presented in Table 4.3. It is observed 

that the computational performance of the proposed method has significant 

improvement in comparison to the state-of-the-art trackers. In majority of the trackers, 

the computationally expensive part is appearance modeling. Our proposed appearance 

update model significantly reduces the computational cost by exploiting the persistent 
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nature of the object’s appearance. The proposed algorithm is on slower side as 

compared to the histogram based method. However, the speed of the histogram based 

methods is strongly influenced by the number of target objects, as it can cause extra 

memory retrieval time on object model acquisition from main memory [74]. 

Table 4.3: Computational cost (milliseconds) 

Dataset Proposed 
Method 

K-means 
based 
Method 
[28] 

GMM 
[28] 

Histogram 
(Bin size 
=16 ×
16 × 16)  
[28] 

EAMTT  
[70] 

GMPHD  
[71] 

TSDA 
OAL 
[72] 

CAVIAR  1.68 10 59 0.12 9.14 4.81 7.87 

PETS2001 6.07 46 240 0.25 14.54 8.56 8.61 

GT 
RecCenter 
Hall  

16.57 72 290 0.39 18.61 19.37 22.44 

PETS 
2009S2L1 

4.17 49 262 0.27 15.39 9.1 9.15 

 

The significant improvement of the proposed model in terms of computational 

cost for all the datasets in comparison with the K-means based method [28] is 

presented graphically in Figure 4.4. Our design outperforms K-means based method 

for PETS2009 and PETS2001 datasets with quite huge margin. This is due to the fact 

that many objects in these datasets stay in the scene for quite long time without the 

need for updating their appearance model. Furthermore, these datasets have controlled 

illumination conditions and larger visible object area. The proposed design also 

outperforms the other two datasets; however the margin is a bit low. This lower 

performance is because the objects of GT RecCenter Hall dataset stay in the scene for 

very short time and poor blob detection. Whereas, for CAVIAR dataset, the lower 

performance is because the results of background subtraction are not quite good and 

object visible area is also very small. 
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Figure 4.4: Computational performance analysis

The memory/storage requirements are demonstrated in Table 4.4. The 

proposed model consumes almost same memory as required by GMM, and far less 

than as required by histogram. The proposed model has little increase in the memory 

requirements as compared to K-means based method. This is because, it needs to store 

top 8 bins magnitudes of the histogram and their corresponding bin indexes in 

means centroids and their respective weights. As for four clusters, the 

proposed technique requires storage of 4 RGB centroids, i.e., 12 bytes, 8

store corresponding weights of the centroids, and another 32 bytes to store histogram 

weights and bin indexes. Therefore, the total storage requirement for the proposed 
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Table 4.4: Memory consumption (Bytes) 
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terms of memory requirements as compared to the histogram based method. All of 

these traits make our design suitable for real-time platforms with limited resources 

like embedded smart cameras. 

4.5 Conclusions 

A fast multiple objects tracking approach with a novel appearance update model is 

presented in this chapter. The proposed appearance update model reduced the 

computational cost manifolds by exploiting the persistent nature of appearance over 

the sequence of frames. The proposed model is tested on different standard datasets 

dealing complex scenarios both in outdoor and indoor scenarios to evaluate its 

performance. The experimental results demonstrate that the proposed design achieved 

multiple objects tracking with high accuracy while dealing long term and complete 

occlusion. It achieves same accuracy as the baseline algorithms of GMM, histogram, 

and K-means as it handles all the complex scenarios of the standard datasets. 

Moreover, the performance evaluation shows that the proposed model provides cost 

effective solution in terms of both memory and computational resources in 

comparison to the existing state-of-the-art techniques. The proposed model 

outperforms both K-means and GMM based appearance models in terms of compute 

time. Furthermore, our proposed design also requires very low memory resources as 

compared to that of the histogram based methods, and it significantly bridges the 

performance gap of K-means and histogram based methods in terms of computational 

time. All these features make our design really useful for real-time applications, 

especially the ones using low cost embedded video surveillance platforms with low 

compute and memory resources like smart cameras. It is important to note here that 

our appearance update model is generic in nature and it can be applied to any 

appearance model. Therefore, it can be applied to the histogram based method or the 

GMM based method with expected manifold reduction in computational time. 
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Chapter 5  

K-means based Multiple Objects tracking using Straight 

through Approach 
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5.1 Introduction 

Multiple objects tracking, especially in the presence of inter-object occlusion, are one 

of the challenging and demanding problems in computer vision. This chapter presents 

a novel online straight through approach to track multiple objects. Our design 

proposes a novel adaptive K-means based appearance model and a rectangle based 

shape model for object association during occlusion. Moreover, this work also 

presents a new outlier rejection technique to address the issue of outliers while 

associating pixels with respective objects during the occlusion. Results on standard 

publicly available datasets demonstrate the high accuracy of the proposed method. 

The developed model effectively deals challenging situation of occlusion without any 

prior training of the shape, appearance, and motion model of the object. 

Consequently, the results demonstrate the superior accuracy of the proposed method 

as compared to existing state-of-the-art online techniques employing appearance 

model. Moreover, the proposed solution is resource efficient and hence more 

intelligent analytic algorithms can be build on this model aiming resource constrained 

embedded vision applications. 

5.2 Motivation 

Merge and split approach has been used by different researchers to deal occlusion in 

MOT. Yang et al. [14] use merge and split approach while using histogram based 

appearance model to deal with occlusion. Mitzel et al. [59] and Mitzel and Leibe [60] 

use a level-set tracker based on image segmentation to associate frame to frame 

objects. In chapter 3, we devised a novel distance metric for K-means based 

appearance model to associate object under occlusion that preserves the trajectory of 

the objects during occlusion. Merge and split approach is computationally less 

expensive, but fail to track objects individually during occlusion. Moreover, most of 

the aforementioned merge and split approaches do not provide solution for long-term 

occlusion.  

 Straight through approach has been used widely for occlusion reasoning to 

address the issues of merge and split approach. Papadourakis [17] employ straight 

through approach while using Gaussian Mixture based appearance model to deal with 

occlusion. Ning et al. [61] develop a corrected background weighted histogram 

method to improve the target position during tracking. Its robustness to deal occlusion 
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decrease with increase in color similarity between background and object [16]. Huan 

et al. [11] propose a feature based method to associate objects during occlusion. This 

method calculates skeleton feature points in every frame, and then associate objects 

based on these feature points. Naushad et al. [16] have also used salient feature points 

of the appearance for occlusion reasoning to achieve MOT. Moreover, the feature 

points based methods require the detection of feature points and estimation of feature 

vectors to associate the objects in different frames, which lead to computational 

overhead. Most of the above mentioned straight through methods have low accuracy 

during complete and long-term occlusion.  

In this work, we devise a novel technique to achieve Multiple Objects 

Tracking with occlusion reasoning using straight through approach. In this work, we 

extend our novel K-means model to straight through approach, so that we can track 

and associate individual object pixels during occlusion. In our first contribution [28], 

we lost accuracy during occlusion due to employed merge and split approach. Our 

proposed technique outperforms the aforementioned methods in terms of accuracy 

despite long-term occlusion. Furthermore, our method uses low cost appearance and 

shape models compared to the aforementioned methods. Our main contributions and 

findings in this contribution are listed as under: 

 We present a novel online multiple objects tracking technique dealing long-

term/complete occlusion using straight through approach. 

 Our algorithm proposes a novel adaptive K-means clustering technique for 

appearance modelling  

 Our proposed model uses a fast rectangle model for shape modelling, and a 

new outlier rejection strategy for occlusion reasoning.  

 Our proposed algorithm successfully tracks multiple objects despite long 

term/complete occlusions with high accuracy. The accuracy of our method is 

ensured by extensive testing on multiple standard data sets. 

 The evaluation of accuracy suggests that proposed algorithm outperforms the 

available online state of the art algorithms employing appearance model. 

 The resource utilization of the proposed model is at par with our previously 

proposed low-cost model with increase in accuracy for occluded objects. 
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The chapter is organized as follows. Section 5.3 comprehensively presents the 

proposed design methodology. Section 5.4 shows detailed results. Finally, 

conclusions and future research directions are highlighted in Section 5.5. 

5.3 Proposed Methodology   

The proposed method uses stationary camera framework that extracts foreground 

moving objects (blobs) of each frame by subtracting the stationary background. The 

background model is obtained using multiple means algorithm as suggested in [55]. 

Subsequently, the foreground object’s appearance is modeled using clustering 

technique, i.e., K-means used in our first contribution [28]. Furthermore, rectangle 

fitting is used for shape modeling. The object location information along with its 

appearance and shape models in previous frame is then used to associate objects 

during occlusion. The flow of design methodology is as shown in Figure 5.1.  

5.3.1 Object modeling 

After the blob detection, parametric K-means model is used for modeling objects 

appearance, as proposed in chapter 3. However, rectangle that fits the boundary of an 

object is deployed instead of simple spatial information used in chapter 3 and 4 (our 

first 2 contributions). The object model is defined as ���(����, �), where ‘rect’ 

represents a rectangle that keeps the track of boundary or overall shape of an object 

and ‘�’ represents the photometric appearance. 

5.3.1.1 Appearance model 

The object’s appearance model will be computed in the same way as computed in 

Chapter 3 (sub-section 3.3.2) with additional dynamic clustering. The selection of 

number of clusters is a problem in our previous method, as we have used hard/static 

approach to choose number of clusters ‘M’ for each object. We have used ‘M= 4’ to 

achieve the maximum accuracy in our previous two contributions. However, we have 

observed that this scheme more often increase the computational cost without 

increasing accuracy. For example, consider the case when two objects appear with 

different appearance statistics. One object has only a single colour, while another 

object has 3 to 4 different colours. The static assignment of fixed number of clusters 

(4) to both objects just increase the computational cost without increasing the 

accuracy, as the first object does not require 4 clusters for appearance modelling. 
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Therefore, it is very important to know about the colour statistics of object before the 

selection of number 

 

 

Figure 5.1: Design flow of the proposed model 

of clusters to avoid computational penalty. In this work, we address this problem 

using novel histogram based adaptive/soft selection criteria to estimate number of 

clusters ‘M’ for different objects. In this approach, the colour distribution statistics of 

each object is analysed with the help of its histogram. The summation of top few 

peaks of the object’s histogram, suggests the appropriate number of clusters to 

achieve maximum accuracy unlike the static criteria. The maximum possible number 

of clusters is chosen to be four. The proposed adaptive cluster’s selection criteria 

reduce the computational cost without compromising on the accuracy. The Algorithm 
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5.1 shows the algorithmic details for histogram based novel adaptive selection for 

number of clusters ‘M’. 

Number of clusters selection Algorithm 

Input: RGB color image, detected blob 

Output: Appropriate number of clusters 

Begin: 

1. Compute histogram of blob ‘	�’ 

2. Choose top 4 bins 

3. Initialize �������_�� = 0 

4. FOR i = 1	to	4 

5.          Sort ℎ������(�), ℎ��_��������(�) 

6.          	� = 0; 

7. END FOR 

8. FOR	� = 1	to	4 

9.          �+= 1; 

10.          �������_��+= 	ℎ������(�); 

11.          IF (��������� ≥ �ℎ���ℎ���) 

12.          Break; 

13.          END IF 

14. END FOR 

15. K = j; 

END Begin 

Algorithm 5.1: Adaptive selection of number of clusters 
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5.3.1.2 Shape model 

The rectangle ��������, ���, ���, ���, ���, ���, ���, ����fits the bounding box around an 

object; where ����, ����, ����, ����, ����, ����	���	����, ���� are the top left, top right, 

bottom left and bottom right vertices of the rectangle respectively. We use a rectangle 

fitting method proposed in [75] for bounding binary closed regions. This algorithm 

uses simple 2×2 AND/OR logical templates to determine boundary points of a binary 

image unlike other approaches using complex derivatives. This algorithm is 

computationally quite faster and simpler in implementation than ellipse fitting. The 

rectangle fitting algorithm begins with the computation of centroids of the bounding 

rectangle to find the center of the object/blob as: 

�̅ =
�

�
∑ ��
�
� ,			�� =

�

�
∑ ��
�
� ,    (5.1) 

where	(��, ��), � = 1,2, … . , � are ‘�’ edge points of the object/blob, while (�,� ��) is 

the centroid of the object. The direction angle ‘�’ will determine the orientation of the 

object as: 

���2� =
∑ (���
�
� �̅)(�����)

∑ [(����̅)
��(�����)

�]�
�

     (5.2) 

The upper and lower edge points with respect to the major and minor axis will be 

computed using equations 5.3 and 5.4: 

����(��, ��) = (�� − ��) − ����(�� − �̅)    (5.3) 

����(��, ��) = (�� − ��) − ����(�� − �̅)    (5.4) 

Equation (5.3) is used for major axis, while equation (5.4) is used for minor axis. The 

edge points for both major and minor axis are calculated based on the following 

criteria: 

����/����(��, ��) �

> 0	�ℎ��	(��, ��)	��	��	�����	����	�����

= 0		�ℎ��	(��, ��)	��	��	����	�����

< 0		�ℎ��	(��, ��)	��	�	�����	����	�����

�  (5.5) 

In this way we find all the edge points as lower or upper edge points with respect to 

both major and minor axis. Finally, we can have the farthest lower and upper edge 

points for both axes. Using these four points we can easily determine the four vertices 

of the rectangle encapsulating the respective object.  
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5.3.2 Blobs association with objects 

This Section aims to associate set of pixels in a blob to an object. All the blobs will be 

registered/tracked as moving objects. We adopt the following approach for blobs 

association in consecutive frames during occlusion. For a blob in each frame, 

following two cases may occur on the basis of intersection of their shape model: 

5.3.2.1 A blob in current frame is associated with a merged blob of previous frame  

∀����, ��,�(����) ∩ ��,���(����) ≠ ∅,    (5.6) 

where 1 ≤ � ≤ ���_�����(�����_�), and ‘���_�����(�����_�)’ is the number of 

detected blobs in the current frame. While,1 ≤ � ≤ ���_�����(�����_� − 1) and 

‘���_�����(�����_� − 1)’ is the number of detected blobs in the previous frame. 

It shows that this blob contains multiple objects merged during occlusion in previous 

frames. Therefore, information of all the merged objects of blob ‘��,���’ needed to be 

passed to ‘��,�’ for object association during occlusion reasoning. Only shape and not 

appearance model of this blob is needed to be updated. Then shape model of all the 

objects merged in this blob will be updated.  

5.3.2.2 A blob in current frame is not associated with any merged blob of previous 

frame 

∀����, ��,�(����) ∩ ��,���(����) = ∅    (5.7) 

It shows that none of the currently extracted blob is associated to any previously 

merged blob. We can have four different possibilities for this case as suggested in 

[17] and [28]. 

a) A blob ‘b’ is not associated with any object ‘O’ 
b) An object ‘O’ has no association with any blob 
c) An object ‘O’ is exactly associated to one blob ‘b’  

d) Multiple objects have association to a single blob ‘b’ 

 

The first three cases are same as in our first contribution, chapter 3 [28]. While, in last 

case different occlusion reasoning strategy is employed to track objects during 

occlusion unlike our previous approach. 
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5.3.3 Occlusion reasoning 

When multiple objects compete for a single blob, then it is the start of occlusion and 

during occlusion merged blob is tracked. There is a need of object association during 

occlusion as per the visible area of the objects. We use pixel wise object association 

by using their shape and appearance model. A pixel ‘�(�, �)’ of merged blob is set to 

be associated to the nearest object and the object that has the most similar cluster to 

the pixel, i.e., with minimum distance ‘�’, 

� = ������(�_������(�, ��,�) ∗ �_����(�, �����)),   (5.8) 

where 1 ≤ � ≤ �,1 < � ≤ ���_�����_��� ‘���_�����_���’ is the total number of 

occluded objects, and ‘M’ is the number of cluster centroids. The ‘�_������(�, ��,�)’ 

is the difference between the intensity of pixel ‘�’ and ��� centroid of ��� merged 

object of the respective blob, and ‘�_����(�, �����)’ is the distance of point ‘�(�, �)’ 

from the rectangle of ��� merged object. This way all the pixels of the merged blob 

are assigned to their respective objects. The appearance of all the merged objects is 

stopped from being updated during occlusion because of change in the visible area of 

the objects, and only the shape model is updated. After the onset of occlusion, visible 

area of occluded objects tends to change over the period of time. Therefore, shape 

model of the occluded object needs to be updated when a reasonable area for the 

particular object is visible as: 

���������% =
���_�����_�����

���_�����_�����
× 100%,																									   (5.9) 

where occlusion percentage is the ratio of visible pixel count and total pixel count of 

the occluded object. We use 20% of occlusion percentage as the threshold for shape 

modeling, as this is the minimum where we achieve good accuracy. As we have used 

outlier rejection technique, discussed next, to reject outliers, therefore, we can model 

the object for very small occlusion percentage as well.  

The objects having smaller occlusion percentage than 20%, is searched in the 

proximity of their occluder, i.e., inside the rectangle of the merged blob. If an object 

split from its merged blob, all the occluded objects will be searched in the vicinity of 

both the blobs as shown in Figure 5.2. There are three occluded objects in frame k 

forming a single blob. After ten frames, the blob is split into two blobs with two 

visible objects O2 and O3. At this stage, O1 will be searched in the proximity of both 
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the blobs. Finally, after another ten frames, O1 is found in the proximity of O2 blob. 

Therefore, O3	can be treated as newly emerged object after occlusion. 

 

Figure 5.2: Occlusion reasoning adapted from [14] 

Figure 5.3 shows the set of results of pixel association of different objects 

during occlusion. All the pixels of an object are labeled as a single color to elaborate 

the object association during occlusion. The rectangle fitting is also updated during 

occlusion with respect to the visible area of the object. The white rectangle is the 

bounding box around a blob/object, whereas the red rectangle is actual shape 

modeling of the blob/object and black rectangle shows the shape model fitting of 

individual objects during occlusion. It can be observed that our method successfully 

associate object pixels during occlusion despite high similarities between their 

appearances.   

5.3.4 Outlier rejection 

The pixel association during occlusion is controlled by the appearance and shape 

model. The appearance is not estimated during occlusion, but shape model needs to be 

recomputed to accurately determine the boundary of the visible area of the occluded 

object. The shape model is estimated based on the visible pixels of the objects. 

Therefore, the rectangle model fitting depends upon the visible boundary points of the 

particular object. The outliers during pixel association can lead to improper shape mo 

del fitting that further results in more outliers in succeeding frames. We can 

completely loss the track of a certain occluded object after few frames because of 

these outliers.  
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Figure 5.3: Pixel association during occlusion: (a) Shell game, (b) PETS09 View 5, 
(c) PETS09 View 8, (d) PETS09 View 7 

We have proposed a very simple approach to address this problem of outliers. 

After the complete pixel association of all the occluded objects in the merged blob, 

our two pass approach is used. At first pass we have used voting strategy to associate 

pixels based on its neighborhood, because a different pixel from its vicinity is 

normally an outlier. We have used 3 × 3 neighborhood/mask to decide the association 

of any pixel as shown in Figure 5.4. Figure 5.4a shows that pixel appearing in the mid 

of the mask belongs to 2nd object, but its neighborhood only cost 2 votes to 2nd object 
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as compared to 6 cost by 1st object. Therefore, its pixel association changes to that of 

1st object as shown Figure 5.4b. 

 

Figure 5.4: 1st pass: (a) Before neighbourhood voting, (b) After neighbourhood 
voting  

In the second pass, all the pixels of the merged blob go through blob 

generation using connected component analysis to get blobs of different sizes for each 

object. All the blobs are generated on the basis of pixel’s unique object ID assigned 

after 1st pass. The bigger blob is used to estimate the rectangle coordinates of the 

respective object; all the smaller blobs of the same object are discarded to properly fit 

the rectangle. In the same way, all the objects get their appropriate rectangle 

coordinates by discarding smaller blobs/parts of the object participate in occlusion. 

This is done to ensure that rectangle fitting does not go wrong, if a very small part of 

an object is involved in occlusion. It is clearly evident from Figure 5.5 that only hand 

and foot of a person is involved in occlusion, but without outlier rejection the 

bounding rectangles of both objects are almost same. It can be observed from the 

figure that without outlier rejection pixel association has gone wrong and so does the 

rectangle fitting, but with outlier rejection the problem has been sorted out, resulting 

in correct pixel association and rectangle fitting. 

 

Figure 5.5: Outlier rejection: (a) Without outlier rejection, (b) With outlier rejection 
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5.4 Results 

Our algorithm is implemented using Microsoft Visual Studio C++ that runs on an 

Intel core-2-Duo 2.10 GHz PC. The proposed scheme has been evaluated using 

multiple standard image sequences to ensure accuracy. The summary of publicly 

available datasets used for evaluation is shown in Table 5.1. The results are presented 

below: 

Table 5.1: Datasets 

Source Number of frames Resolution 

Lego1 [36] 494 320 ×240 

Lego2 [36] 636 320 ×240 

Lego3 [36] 659 320 ×240 

Shell Game [36] 735 320 ×240 

PETS 2009S2L1 view1 [35] 794 760	×580 

PETS 2009S2l1 view5 [35] 794 720	×580 

PETS 2009S2l1 view7 [35] 794 720	×580 

PETS 2009S2l1 view8 [35] 794 720	×580 

Town Centre [37] 7499 1920X1080 

 

The first set of experiments has been performed on four image sequences also 

used by [17]. The sequences are lego1, lego2, lego3, and shell game. These datasets 

involve situations ranging from very simple (lego1) to a very complex (shell game). 

Moreover, these sequences mostly have rigid objects of different size and appearance. 

Our proposed method effectively tracks multiple objects with their unique IDs (label) 

appearing at the center of each object. Moreover, the color of the rectangle 

encapsulating the object is also different for each object. Therefore, an object is said 

to be rightly tracked if it maintains its label and same color of the rectangle in 

different frames. The graphical results are shown in Figure 5.6. The accuracy 

evaluation of these datasets is not provided because of the unavailability of the ground 

truths.  
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Figure 5.6: Tracking results: (a) Lego1 dataset, (b) Lego 2 dataset, (c) Lego 3 dataset, 
(d) Shell game dataset 

The second set of experiments has been performed on the PETS 2009 S2L1 dataset. It 

is most widely used dataset for different state-of-the-art Multiple Objects Tracking 

(MOT) algorithms. It involves more challenging situations as compared to the 

aforementioned dataset. This dataset involve non rigid objects (pedestrians) with 

similar appearances and different camera view angle. The proposed method 

successfully track multiple objects under frequent occlusion despite high similarities 

between their appearances. Figure 5.7 shows the results of view 1 of the dataset. It can 

be observed that object 5 and 6 frequently occlude each other from frame 22 to 68, 

but targets have been correctly tracked despite frequent occlusion. In the succeeding 
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frames, the occlusion between objects 11 and 13 can be observed in frame 460, but 

objects are found to be correctly tracked during and after the end of occlsuion as 

shown in frame 483 and 516. 

 

Figure 5.7: Results PETS 2009S2L1 (View 1) 

The Figure 5.8 shows the results of view 5,7, and 8 of the PETS 2009 S2L1 

dataset. In these views, the location of the camera has been changed and yields more 

serious occlusion. The view 5 is taken from short distance, while view 7 and 8 

covering wide angle. The proposed method achieves good results for all the views. 

A quantitative accuracy evaluation has been performed using the strategy 

proposed by Smith [76]. We compare our method with widely used models that 

employ appearance model for occlusion reasoning in MOT. These models are color 

histogram [63], probabilistic appearance GMM model [77], and skeleton points 

assignment (SPA) based occlusion segmentation model [11]. 



 

 

85 
 

 

Figure 5.8: Results PETS09S2L1: (a) View 5, (b) View 7, (c) View 8  

The results are illustrated in Table 5.2. We have used the metrics of False 

Positives (FP), False Negatives (FN), Multiple Objects (MO) and Multiple Trackers 

(MT) to evalute our model. The FP is the false existance of estimate without any 

association to ground truth, while FN means an actual ground truth does not has any 

associated estimate. The MO means multiple ground truths are associated with same 

estimate. Finally, the MT is the case of association of two or more estimates with the 

same ground truth. 
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Table 5.2: Quantitative error analysis (Results of [63], [77] and [11] has been taken 
from [11]) 

View Method FP FN MT MO 

View 1 

Color histogram [63] 0.052 0.253 0.187 0.065 

Probabilistic appearance 
GMM [77] 

0.046 0.235 0.162 0.054 

SPA based method [11] 0.055 0.167 0.104 0.024 

Proposed method 0.012 0.041 0.019 0.039 

View 5 

Color histogram [63] 0.065 0.283 0.257 0.175 

Probabilistic appearance 
GMM [77] 

0.058 0.279 0.245 0.164 

SPA based method [11] 0.062 0.266 0.199 0.091 

Proposed method 0.010 0.024 0.015 0.035 

View 7 

Color histogram [63] 0.055 0.258 0.252 0.085 

Probabilistic appearance 
GMM [77] 

0.042 0.251 0.244 0.082 

SPA based method [11] 0.048 0.248 0.211 0.068 

Proposed method 0.013 0.085 0.018 0.072 

View 8 

Color histogram [63] 0.051 0.287 0.198 0.094 

Probabilistic appearance 
GMM [77] 

0.052 0.280 0.187 0.087 

SPA based method [11] 0.053 0.276 0.162 0.042 

Proposed method 0.008 0.027 0.024 0.027 

 

Our proposed model performs better for the FP, the FN, and the MT, while its 

accuracy in the MO only decreases as compared to the SPA based method for two out 

of the four views. Figure 5.9 shows that MO is on higher side (particularly for view 1 

and 7). It is mainly because of the fact that multiple objects enters in the scene 

together, so they are detcted as a single object blob, and our method does not tackle 

these situation unless they split, because we are not using a classifier for object 

detection. For all the other three metrics of the FP, the FN, and the MT, our method 
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performs better than others for all the views. Relatively higher FN as compared to the 

FP and the MT can be observed in view 1 and view 7. The major reason for that the 

camera has a very large view, due to which blob size filter removes distant objects 

appearing smaller in size. Moreover, most part of few objects in these views match 

the background, resulting in poor foreground detection. Our method gives very low 

FP and MT as compared to the other methods. MT error increases if the results of 

background subtraction and blob generation is not good enough, because a certain 

object can be split into two disconnected blobs and hence resulting in higher MT. 

Secondly, MT can increase if an object is occluded by the background static object in 

a such a way that its upper and lower parts are visible and its middle portion is hidden 

by the static object. In our datasets, MT is very low because our background 

subtraction does well for these datasets, and there is little static background object 

occlusion. FP is rare to occur, it inreases when almost similar objects are involved in a 

complete occlusion . The complete occlusion results in bad rectangle fitting and hence 

inreases FP. 

 

Figure 5.9: Quantitative analysis: (a) View 1, (b) View 5, (c) View 7, (d) View 8  
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Table 5.3 summarizes the accuracy evaluation of the proposed model. We 

have used most popular CLEAR metric ‘MOTA’ [78] for comparative accuracy 

evaluation of the proposed model with state-of-the-art methods [79]. We can observe 

that our method outperforms all the online methods and three offline methods despite 

many of them used customized HOG based pedestrians detectors. However, 

customized detector based methods are not suitable for tracking objects other than 

humans. Moreover, customized detectors require extensive training to make it generic 

for different datasets. On the other hand, our method can track any object in the scene 

as can be observed in above mentioned LEGO datasets. The only offline method, i.e., 

Hoffman et al. design has more accuracy as compared to our design because of the 

availability of future frames for object association. However, the offline approaches 

are not suitable for real-time/time critical surveillance applications. 

Table 5.3: Evaluation of PETS 2009 S2L1 dataset (results of [63], and [11] has been 
taken from [11]) 

Method Processing mode Use of pedestrian 
Detector 

MOTA Year  

Izdania et al. [62] 
 

Offline 

 

Yes 90.7 2012 

Milan et al. [8] Yes  90.6 2014 

Zamir et al. [9] Yes 90.3 2012 

Hofmann et al. [10] Yes 97.8 2013 

SPA based method [11] 

Online 

No  77.8 2011 

Color histogram [63] No 69.5 2009 

Wu et al. [13] Yes 92.8 2013 

Proposed No 94.7  

 

We have extensively tested our proposed model with another publicly 

available challenging dataset named as Town Centre [37]. In this dataset, a lot of 

pedestrians involved with different challenging situations. The Table 5.4 shows the 

results of accuracy evaluation of the proposed model. The accuracy of the proposed 

model is much better than online Wu et al. [13] design. However, the accuracy of the 

offline approaches is a bit better than the proposed model due to the availability of 
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future frames for decision making. The graphical illustration of results is given in 

Figure 5.10. 

Table 5.4: Evaluation of town centre dataset 

Method Processing 
mode 

Use of Pedestrian 
Detector 

MOTA Year  

Izdania et al. [62] 
Offline  

Yes 75.7 2012 

Zamir et al. [9] Yes 75.6 2012 

Wu et al. [13] 
Online  

Yes 69.5 2013 

Proposed No 72.8  

 

 Figure 5.10: Town centre tracking results 

To summarize our results based on the standard datasets, our algorithm 

accuracy is higher than all of the online state of the art methods, and is at par with 

most offline methods. The reduction in accuracy compared to the offline methods is 

due to the availability of the future in real-time video surveillance scenarios. Our 

design accuracy is also constrained by the frames for track estimation to these 

methods. However, the offline methods cannot be deployed fact, that in many 

instances people are entering the scene together. Our design represents all such 

instances as a single blob/ object unless they split. This limitation is caused by the use 

of generic background subtraction technique. However, our generic background 

subtraction based detector is suitable for tracking objects other than humans. 

Moreover, the generic detector requires no prior training.    
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5.4.1 Resource utilization 

Our first contribution [28] has been shown to be very resource efficient in comparison 

with the baseline GMM and histogram based MOT algorithms. Here, we analyze the 

resource utilization of this work. The average computational cost of an object is 

shown in Table 5.5 for this work and [28]. We have tested both models on the same 

platform to ensure fair analysis. The results demonstrate the performance gain of 

proposed straight through approach for Lego and Shell game datasets. The proposed 

soft cluster selection criteria have improved the performance by reducing the number 

of clusters for these datasets with increase in accuracy. The computational cost of 

remaining datasets is on higher side, owing to the fact that all the objects are 

pedestrians in this case and hence used maximum clusters more often for object 

appearance modelling. However, the computational cost of the proposed solution is 

still very low as compared to that of the baseline GMM based MOT algorithm, which 

is shown to be 6X (600%) slower than K-means model [28]. Moreover, the accuracy 

of the proposed model is quite high, as discussed already above, as it can track objects 

more precisely during occlusion unlike merge and split approach, where group 

trajectory is maintained rather than individual track. Finally, the proposed solution 

consumes same/less memory as compared to our previous model and GMM based 

MOT algorithm. In summary, the proposed MOT model provides a resource efficient 

solution along with being more accurate as it tracks occluded objects much better than 

our previous model [28]. Moreover, the frame per second (FPS) is also provided in 

the Table 5.5. The FPS measure is constarined by the number of objects in the scene, 

the FPS rate decreases with increase in number of objects and vice versa. The 

efficient resource utilization and high accuracy is very important for the design of 

intelligent video analytic applications targeting embedded vision platforms. 

Consequently, the proposed solution can be a better choice due to its high speed and 

accuracy. 
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Table 5.5: Computational cost (milliseconds) 

Dataset Proposed 

model  

K-means 

[28] 

Speed 

up(+increase,-

decrease) 

FPS (2 
Objects) 

FPS (4 
Objects) 
 

Lego 6.05 7.7 +21.5% 82.64 41.33 

Shell Game 5 5.4 +7.5% 100 50 

PETS2009L1 51.5 49 -5% 9.70 4.85 

Town Centre 159 145 -9% 3.14 1.57 

 

5.5 Conclsuions 

We proposed a novel online multiple objects tracking methodology using straight 

through approach, while introducing a new occlusion reasoning and outlier rejection 

strategy. The proposed method uses K-means based appearance model along with 

computationally cheap rectangle based shape model to associate multiple objects. 

Moreover, the work also presents a new outlier rejection technique to address the 

issue of outliers while associating pixels with the objects during the occlusion. The 

proposed method is tested on different standard datasets dealing complex situations in 

different environments. The experimental results demonstrate that the proposed model 

successfully tracks multiple objects in the presence of occlusion with high accuracy. 

Furthermore, it does not need prior training to achieve multiple objects tracking. The 

accuracy of the proposed method is better than the online state-of-the-art methods, 

and is at par with most offline methods. Moreover, the proposed method uses low cost 

appearance and shape models compared to the state-of-the-art methods. These 

attributes make our design very useful for real-time embedded video surveillance 

platforms with low memory and computational resources.  
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Chapter 6  

Conclusions and Future Works 
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A tremendous work has been done in the field of MOT with high accuracy. 

However, the qualitative aspects of performance, i.e., speed and memory, have not 

been given a proper consideration yet. This dissertation has presented MOT solutions 

aiming resource constrained applications. Furthermore, one of the core problems of 

MOT, i.e., occlusion has also been addressed to increase the accuracy without 

increasing the compute/ memory resources. The work presented in this dissertation is 

mainly categorized into three contributions. In our first contribution, a novel K-

means based appearance model has been proposed to achieve multiple objects 

tracking. The problem of occlusion has been dealt using low cost merge and split 

approach. A new statistical distance measure has also been proposed to compute 

similarity between objects in a sequence of images. The presented work has 

performed well for different standard datasets under complex indoor/ outdoor 

situations, while dealing long-term and complete occlusion. This approach performed 

5 times faster than GMM and consumes 256 times less memory as compared to 

baseline histogram based method. Moreover, a vigorous and conclusive analysis is 

made on the selection criteria of number of clusters with respect to accuracy. The 

results demonstrated that four clusters are sufficient for pedestrian’s appearance 

modeling; only pedestrians are considered here as more than 70 percent of the time 

the objects tracked in recent literature are pedestrians.  

The second contribution is about a successful effort to reduce the 

computational performance gap between proposed K-means based method and the 

baseline histogram based method. In this contribution, a histogram based appearance 

update model has been proposed to reduce inherent computational overhead of the 

standard K-means algorithm. The appearance update model has reduced the frequency 

of appearance modeling manifolds to make this approach computationally less 

expensive. The results illustrated that update rate is a direct function of quality of the 

dataset under observation. Moreover, the update rate is also constrained by the 

underlying object detection approach. The approach presented in this contribution is 6 

times faster than K-means algorithm proposed in our first contribution with slight 

increase in memory requirements.  

In our third and last contribution, the accuracy of the MOT during occlusion 

has been increased by extending K-means algorithm to straight through approach and 

incorporating low cost shape model during occlusion. The two pass outlier rejection 
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technique has further enhanced the accuracy by reducing outliers misclassified during 

pixel association phase under occlusion. The results demonstrated the superior 

accuracy of this approach over the state of the art by applying most commonly used 

standard accuracy metrics. Our approach has outperformed the online approaches and 

a few offline approaches as well. 

The accuracy of the work presented in this dissertation is strongly influenced 

by the underlying assumption of one-to-one correspondence between newly emerged 

blob and object. The poor results of employed background subtraction technique and 

improper generation/ formation of blobs as a result may deteriorate the accuracy 

significantly if the fundamental assumption of one-to-one correspondence is violated. 

A better background subtraction technique and proper generation of blobs can ensure 

maintaining this assumption and hence the accuracy.  

The updating of appearance model is being stopped during occlusion in both 

of the occlusion reasoning strategies. This phenomenon can reduce the computational 

cost significantly, as appearance modeling is the main processing element in MOT. 

However, this can reduce the accuracy for long-term occlusion, especially when 

appearance tends to change. The accuracy of the straight through approach can be 

further increased by incorporating an intelligent mechanism to support update of 

appearance model during occlusion.   

The intrinsic iterative process to compute K-means centroids make it slow. 

The addition of histogram based initialization and appearance update model has 

reduced the computational overhead. However, computational performance of 

appearance update model is strongly influenced by the quality of the datasets, image 

acquisition environment/ conditions. Therefore, parallel platforms like GPUs can be 

used to achieve parallelism and accelerate our MOT algorithms.  

The work in this dissertation is solely based on a low cost background 

subtraction technique. The accuracy of the proposed approach is deteriorated when 

multiple objects enter in the scene simultaneously, as there is no mechanism to detect 

multiple objects from a single blob. The problem of multiple objects (MO) is a 

potential research topic. Multiple cameras can also be used to address the issues of 

long term static occlusion and multiple objects (MO). Finally, the object detection 

using background subtraction is based on the input image sequence from a static 
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camera, as most of the installed cameras in the video surveillance network are static. 

However, low-cost MOT using moving camera can be a new research direction.  

Huge video surveillance cameras network are being installed owing to the 

prevailing security situation of the world in general and Pakistan in particular. The 

real-time monitoring of such a huge video database makes the job very tedious rather 

impossible for a human. Therefore, the autonomous video surveillance and scene 

summarization is need of the hour, and got its due attention since the last two decades. 

The proposed low-cost MOT solutions in this dissertation can provide the strong 

grounds for development of real-time low cost video surveillance systems with 

limited resources like smart cameras. 
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