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We propose an automatic system which dynamically tracks video objects (human 

and vehicle) and create their 3-D visualization from big visual data. Big visual data 

implies that all videos are collected from either static or mobile surveillance cameras. Our 

goal is to track a video object within such a surveillance camera network. To achieve this 

goal, several tracking scenarios must be carefully dealt with. In this work, we focus on 

tracking under a single static camera, tracking under a single moving camera, and 

tracking across multiple moving cameras. 

In the case of tracking under a single static camera, our proposed work is mainly 

based on constrained multiple-kernel tracking framework. For human tracking, the 

system adopts a Kalman filter to predict and refine the tracking results. A pre-trained 

human detector is further applied to solve initial merging issues. For human tracking 

across multiple static cameras, a self-organized and scalable multiple-camera tracking 

system that tracks human across cameras with nonoverlapping views is proposed. For 

vehicle tracking, our proposed approach regards each patch of the 3-D vehicle model as a 

kernel, and track the kernels under certain constraints facilitated with the 3-D geometry 

of the vehicle model. Meanwhile, a kernel density estimator is designed to fit the 3-D 



vehicle model during tracking. By elegant application of the constrained multiple-kernel 

(CMK) tracking facilitated with the 3-D vehicle model, the vehicles are able to be tracked 

efficiently and located precisely. 

As for tracking under a single moving camera, we propose a robust moving platform 

based object tracking system, and apply to human tracking. Our work effectively 

integrates Visual Simultaneous Localization And Mapping, pedestrian detection, ground 

plane estimation, and kernel-based tracking techniques. The proposed system 

systematically detects the pedestrians from recorded video frames and tracks the 

pedestrians in the V-SLAM inferred 3-D space via a tracking-by-detection scheme. In 

order to efficiently associate the detected pedestrian frame-by-frame, we propose a novel 

tracking framework, combining the CMK tracking and the estimated 3-D (depth) 

information, to globally optimize the data association between consecutive frames. By 

taking advantage of the appearance model and 3-D information, the proposed system not 

only achieves high effectiveness but also handles efficiently occlusion in the tracking. 

Based on the results of tracking under a single moving camera, we propose a new 

framework to track on-road pedestrians across multiple driving recorders. More 

specifically, we treat the problem as a multi-label classification task, determining whether 

a specific pedestrian belongs to one or several cameras’ field of views by considering the 

association likelihood of the tracked pedestrians. The likelihood is calculated based on 

the pedestrians’ motion cues and appearance features, which are necessarily transformed 

via brightness transfer functions obtained by some available spatially overlapping views 

for compensating for the diversity of the cameras. When a pedestrian is leaving a 

camera’s field of view, the proposed framework predicts and interpolates the possible 

moving trajectories facilitated by an open map service which can provide routing 

information. Moreover, based on the GPS locations, we can also reconstruct a 3-D 

visualization on a 3-D virtual real-world environment, so as to show the dynamic scenes 

of the recorded videos. 
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Chapter 1 – Introduction 

1.1 Motivations and Objectives 

Recently, the development of intelligent surveillance system has attracted much 

attention. Tracking of video objects is one of the major issues in video surveillance 

systems. In a traditional video surveillance system, video objects are tracked under a 

single static camera, or across multiple static cameras. By successfully tracking the 

objects, it is possible to collect their trajectories in videos for high level analytics. 

Therefore, researchers are motivated to develop effective object tracking systems, which 

are not only robust and fast but also able to collect the information efficiently and 

accurately. 

The lessons learned from the 2013 Boston Marathon bombing indicate that 

intelligent surveillance systems become more and more important for crime investigation 

or even tragedy prevention. Most of the surveillance cameras are installed at fixed 

locations, which currently reduce the flexibility of camera views and may create 

monitoring blind-spots. Therefore, the idea of developing mobile surveillance is thus 

introduced. Fortunately, an emerging application of video analytics in autonomous/smart 

vehicles is the usage of the driving recorders (or dash-cameras), which are devices that 

record video in a vehicle to create a record of driving [30]. Currently, driving recorders 

are widely used in many applications of video analysis for Intelligent Transport Systems 

(ITS). A driving recorder, which can be regarded as a moving camera on the roads, 

gradually becomes a necessity in a vehicle. Besides recorded videos, a vehicle can also 

obtain other driving information such as location, time, and speed, by global positioning 

system (GPS) or other electronic devices. A driving recorder provides a new mechanism 

to extend applications for video analyses. 

Inspired by the growing usage of driving recorders and advanced wireless 

infrastructure, we can soon expect a mobile surveillance platform with a cloud server 
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being connected to all devices via a wireless wide area network (WWAN), such as 3G, 

WiMAX, or LTE. Based on the collected data, the cloud server can thus systematically 

perform video analytics, such as tracking on-road pedestrians or vehicles, to better 

monitor the on-road situation dynamically and cooperatively share the on-road 

information. Such a mobile camera platform would then be combined with a traditional 

surveillance system to achieve a larger and wider surveillance camera network: a 

platform collecting large amounts of videos, i.e., big visual data. As shown in Figure 1.1, 

three vehicles equipped with driving recorders can upload the surveillance videos to a 

server via a wireless network, while two static surveillance videos are linked to the server 

through a wired network. 

 

Figure 1.1:   An illustration of big visual data 

In our work, the goal is to track video objects, and further reconstruct scenes 

recorded from the collected surveillance videos. More specifically, the objects are 

walking pedestrians and moving vehicles recorded by the surveillance cameras. In other 

words, we intend to develop a human/vehicle tracking system, which operates not only 

under the static surveillance cameras, but also across different moving surveillance 

cameras. Finally, with the tracking results, the scene recorded by the surveillance 

cameras can be dynamically reconstructed. 

server

1

wireless 

network

wired network
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1.2 Video Object Tracking under Different Scenarios 

In general, there are several different scenarios of video object tracking, including: 

tracking under a static camera, tracking under a moving camera, tracking across multiple 

static cameras, and tracking across multiple moving cameras. These scenarios are 

discussed as follows. 

1) Tracking under a single static camera: A surveillance camera is fixed at a location, 

and with a fixed camera’s view, in the sense that the field of view (FOV) of the 

camera is limited. When an object enters into the FOV, it can be easily extracted 

and tracked by using its features, such as colors, textures, etc. This scenario is a 

traditional topic of a video surveillance system. 

2) Tracking under a single moving camera: A moving camera such as a driving 

recorder or dash-camera is set on a vehicle, shooting in the direction in which the 

vehicle moves forward. Thus, the FOV is the view in front of the vehicle, and 

dynamically changes when the vehicle moves. Thus, the features of an object 

recorded by a driving recorder are still consistent, and the object can be detected 

and tracked until the object exits the FOV. 

3) Tracking across multiple static cameras: Multiple surveillance cameras are fixed at 

different locations, with different camera’s FOVs. To track an object across 

different cameras, we have to associate one tracked object from one single camera 

with that from another single camera. Since the features of the same object 

extracted from different cameras are inconsistent, the problem becomes how to 

normalize the extracted the features. 

4) Tracking across multiple moving cameras: Multiple moving cameras can move 

around and record videos simultaneously. In summary, there are two basic cases of 

this tracking problem: object in overlapping cameras’ FOVs, which implies that an 

object simultaneously appear in two or more different cameras views; object in non-

overlapping cameras’ FOVs, which means that an object enters in a camera’s FOV 
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then exits, and later enters into other cameras’ FOV(s). Generally, a static camera 

can be regarded as a moving camera which always stays in a location, thus the 

scenario 3 is treated as a special case of the scenario 4. 

By combining all the tracking scenarios, the overall system can automatically and 

possibly track each object within the areas which are covered by the surveillance camera 

network. In this dissertation, we develop static camera tracking, including human/vehicle 

tracking under a single static camera and human tracking across multiple static cameras. 

Our work also focuses on moving camera tracking, including human tracking under a 

single moving camera and human tracking across multiple moving cameras. 

1.3 Contributions 

The contributions of this dissertation are summarized as follows.  

 For human tracking in a single static camera, we adopt the Constrained Multiple-

Kernel (CMK) tracking framework and use a pre-trained human detector to solve 

the initial merging issue.  

 For human tracking across multiple static cameras, we propose a framework which 

utilizes information from Google Maps to facilitate the larger scalability of the out-

door camera network. 

 For vehicle tracking under a single static camera, a novel model-based vehicle 

localization approach is proposed. The proposed approach efficiently locates and 

tracks the vehicles by combining the CMK tracking with a 3-D deformable vehicle 

model.  

 For tracking under a single moving camera, we propose a robust moving platform 

based human tracking system, which effectively integrates Visual Simultaneous 

Localization And Mapping (V-SLAM), human detection, ground plane estimation, 

and kernel-based tracking techniques.  

 A novel human tracking framework combines CMK tracking and the estimated 3-D 

information (depth), to globally optimize the data association between consecutive 
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frames.  

 For tracking across multiple moving cameras, a new framework to track on-road 

pedestrians across multiple driving recorders is proposed. The proposed approach 

predicts and interpolates its possible moving trajectories facilitated by an open map 

service which can provide routing information. 

 The tracking problem across multiple moving cameras is treated as a multi-label 

classification task, determining whether a specific pedestrian belongs to one or 

several cameras’ FOVs by considering association likelihood of the tracked 

pedestrians. 

 Based on GPS locations of moving cameras, a 3-D visualization on a 3-D virtual 

real-world environment can be reconstructed, so as to show the dynamic scenes of 

the recorded videos. 

1.4 Dissertation Organization 

The rest of this dissertation is organized as follows. 

Chapter 2: related work on object tracking under different scenarios is reviewed: 1) 

tracking under a single static camera, 2) tracking under a single moving camera, and 3) 

tracking across multiple static/moving cameras. Finally, the related work of 3-D 

visualization is briefly discussed. 

Chapter 3: our proposed video object tracking approach under a single static camera 

is described and is applied to human and vehicle tracking. The basic concept of CMK 

tracking is described in Section 3.2. In Section 3.3, we develop a CMK-based human 

tracking which uses a pre-trained human detector to solve the initial merging issues. 

Section 3.4 depicts the proposed vehicle tracking approach, which integrates a 3-D 

generic vehicle model with the CMK tracking framework. Experimental results have 

shown favorable performance of the proposed approach in several scenarios, which 

efficiently tracks vehicles while maintaining knowledge of the 3-D geometry of the 

tracked vehicles. 
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Chapter 4: the proposed approach to track humans on a moving platform, 

effectively integrating V-SLAM, human detection, ground plane estimation, and kernel-

based tracking techniques. In Section 4.1, the overview of the proposed system, including 

adopted algorithms, is briefly described. Section 4.2 depicts the proposed human tracking, 

which combines CMK tracking with 3-D information to formulate the association of the 

detected targets. Experimental results in Section 4.3 show favorable performance of the 

proposed system which efficiently tracks humans in a camera equipped on a ground 

moving platform such as a dash-camera or an unmanned ground vehicle. 

Chapter 5: a new framework for tracking on-road pedestrians across multiple 

driving recorders is proposed. In Section 5.2, the overview of the proposed framework is 

provided. Section 5.3 depicts the methodologies used in the proposed framework. In 

Section 5.4, pedestrian association likelihood based on appearance features is specifically 

discussed. The experimental results are shown in Section 5.5, showing the robustness and 

effectiveness of the proposed framework in tracking pedestrians across several recorded 

driving videos and a 3-D visualization on a 3-D virtual real-world environment. 

Chapter 6: a conclusion of this dissertation is given by summarizing the main 

contributions and discussing some extensions to this work that lead to potential research 

topics in the future. 
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Chapter 2 – Background and Related Work 

2.1 Tracking under a Single Static Camera 

Video object tracking under a single static camera was has been developed over the 

past two decades. Several approaches have been proposed to deal with the tracking 

problems. The following briefly shows the three major categories of tracking methods [1]: 

1) Point tracking: The target is expressed as a point in the frame, and the previous 

target state is utilized to make the association between targets and points. The 

Kalman filter is one of the most well known trackers in this category. 

2) Kernel tracking: Targets are tracked by computing the motion of the kernels which 

represent the appearance or shape of the targets. Mean shift tracker is a kind of 

kernel tracking. 

3) Silhouette tracking: Given the target model, the target is tracked by estimating the 

region in each frame, for instance, by contour matching and shape matching. 

Among the object tracking algorithms, kernel-based object tracking has recently 

gained more popularity for better and more robust tracking performance due to its fast 

convergence speed and relatively low computation. The basic concept is to maximize the 

similarity between the target’s and the candidate’s appearance models (i.e., color 

histogram), which are built by spatially masking the object with a kernel function [2]. 

Based on kernel-based tracking framework, many approaches are proposed and applied to 

human tracking [3]–[8]. 

The mean-shift method, one of the most popular kernel-based tracking methods, was 

applied to tracking problems to find the most similar location around the local 

neighborhood area [2] [3]. Based on this framework, many methods have been proposed 

to improve the tracking performance. Collins [4] used the difference of Gaussian and 

Lindeberg’s theory to track the objects through the scale space. Yilmaz’s approach [5] 

employed asymmetric kernels that can adaptively change the scale and orientation to 
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track the target. Furthermore, in order to better represent the tracked video object, 

multiple kernels have also been adopted in recent years. In [6], the video object 

represented by multiple kernels, which denoted various body parts, was tracked by using 

a two-step approach. Global movement and local movement were alternatively applied to 

locate the target. Fan et al. [7] linked the multiple collaborative kernels by using 

predefined constraints. In their approach, tracking was formulated as solving a least 

square problem. Chu et al. [8] generalized constrained multiple-kernel (CMK) tracking 

by adaptively adjusting kernels’ weights according to their similarity, so as to improve 

the reliability when occlusion happens. 

As for vehicle tracking, the approaches using surveillance cameras are roughly 

divided into two categories [9]: 2-D based and 3-D based approaches. In 2-D based 

approaches, 2-D motions and trajectories are commonly used in the Kalman-filtering or 

particle-filtering frameworks, mainly based on 2-D geometry features, such as edges, 

lines, and contours [10]–[13]. Hsieh et al. [14] used area, length and a set of rules, and a 

linearity feature to measure the vehicle silhouette roughly. Alternatively, some 

approaches [15]–[17] include color histograms as tracking features, since they are not 

only invariant to vehicle rotations and translations but also robust to occlusions and noise. 

The 3-D based approaches can be roughly categorized into two types [18]: feature based 

and intensity based. The feature based approaches utilize 2-D geometry features to 

evaluate the constructed 3-D models. The approaches in [19] [20] track vehicles in an 

extended Kalman- filtering framework with a 3-D model built by edges and 

corresponding features. In [21], the approach evaluates the distance between extracted 

edge points and model projection. Liebelt et al. [22] extend the idea used in [48] to detect 

the 3-D poses of vehicles from 2-D contours. Approaches that evaluate the similarity of 

the projected contours have also been proposed in [23], [24]. Since 2-D feature extraction 

is sensitive to image noise and occlusion, on the other hand, the intensity-based 

approaches evaluate image intensities or gradients in terms of projecting the 3-D models 

onto the images. Ferryman et al. [25] present a deformable model with 29 parameters, 
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combined with a PCA framework, to perform the vehicle tracking. Tan et al. [26] [27] 

estimate orientation of a vehicle by gradient vectors and evaluate the poses by intensity 

values. Zhang et al. [28] proposed a deformable-model based tracking approach to 

dynamically build 3-D vehicle models and locate vehicles in an iterative framework. 

Zheng et al. [18] proposed an efficient vehicle pose estimation scheme, to reduce the 

search range of the tracked poses. The approach in [29] develops a vehicle tracking 

system based on a highly complicated 3-D deformable model, which not only performs 

vehicle tracking but also determines vehicle geometry. However, these intensity-based 

approaches focus solely on the shape fitting, without taking color information into 

account, to perform the tracking. Furthermore, most of the proposed pose estimation 

schemes are time consuming due to the optimization of the parameters. 

2.2 Tracking under a Single Moving Camera 

Video object tracking under a single moving camera is a notoriously difficult task 

because of the combined effects of egomotion, blur, and rapidly changing lighting 

conditions. The introduction of a moving camera invalidates many elegant techniques 

used with a static camera, such as background subtraction and a constant ground plane 

assumption. Therefore, the challenge in this problem is to detect the objects successfully 

in a moving camera, and then apply the tracking techniques to them. 

In general, object detection in a moving camera follows two basic steps [30] [31]: 

candidate generation (also referred to as foreground segmentation) and object 

classification. Candidate generation first extracts blobs of interest from the image, 

avoiding as many background regions as possible. Then, object classification classifies 

the extracted blobs as human/vehicle or nonhuman/nonvehicle objects. The approaches 

for candidate generation can be classified into two kinds: 1) image-based and 2) motion-

based. The image-based approaches mainly rely on the color, intensity, edges, and 

gradient orientation of pixels [32]–[34]. The motion-based approaches utilize interframe 

motion and optical flow [35] [36]. Especially in vehicle detection, motion can provide 
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strong information, since approaching vehicles at an opposite direction produce a 

diverging flow, which can be quantitatively distinguished from the flow caused by the car 

ego-motion [37] [38]. The approaches to object classification are purely 2D, and can be 

broadly divided into two: 1) template-based and 2) appearance-based. The template-

based approaches use predefined patterns of the human/vehicle class and perform 

correlation between the image and the template. The template is a human body in the case 

of human detection [39]–[41] and the rear/front view of a vehicle in the case of vehicle 

detection [42]. Appearance methods ([43], [44]–[48] for vehicles) define a space of 

image features (descriptors), and a classifier is pre-trained by positive examples 

(human/vehicle) and negative examples (nonhuman/nonvehicle) using various learning 

algorithms, such as neural networks, support vector machines (SVM), and AdaBoost. 

After object detection, a tracking framework is applied to the detected objects. The 

work of human and vehicle tracking in a moving camera are discussed as follows. 1) 

Human: Kalman filters [41] [49] and particle filters [50]–[52] are also widely used in 

tracking. Some methods adopt Multi-Hypothesis Tracking (MHT) [53],[54] or Joint 

Probabilistic Data Association Filters (JPDAFs) [55] to optimize detected target 

association by considering information over several time steps. Ess et al. [56] perform 

multibody tracking by combining the ISM detector and the stereo-odometry-based tracker. 

Adnriluka et al. [57] detect people using a part-based detector [46], and then use a 

Gaussian process latent variable model to compute the temporal consistency of detections 

over time. 2) Vehicle: the tracking strategies are similar to the human tracking, except the 

interested features and templates/models. In [33], vehicles are tracked using multiple cues 

such as intensity and edge information. The system proposed in [58] combines the pre-

trained deformable object model with particle filter tracking. In [59], the authors develop 

vehicle motion model and background model to detect and separate the vehicles from the 

background. 3) Human and vehicle: Leibe et al. [60] [61] proposed the use of a color 

model and what they refer to as the event cone, i.e., the time-space volume in which the 

trajectory of a tracked object is sought in 3-D space. Andreas et al. [62] proposed a 
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probabilistic generative model to understand the 3D scene layout as well as the location 

and orientation of objects in the scene. In addition to the frame-by-frame based target 

association techniques mentioned above, recently, more and more methods tend to find 

globally optimal solutions across the entire sequence.  

Some approaches formulate the tracking problem as a min-cost flow network 

problem, and others use iterative hierarchical methods to link tracklets. Zhang et al. [63] 

map the maximum-a-posteriori (MAP) data association problem into a cost-flow network 

with a non-overlap constraint on trajectories. In [64], the authors use a cost function with 

the objects’ birth and death states, and show that the global solution can be obtained with 

a greedy algorithm. In [65], Wu et al. propose a coupling formulation to avoid the 

problem of error propagation in tracking-by-detection schemes, and further solve the 

partial/complete occlusions problem. The approach in [66] incorporates constraints of 

piecewise constant-velocity path smoothness based on the flow network framework. Li et 

al. [67] propose to progressively associate tracklets by using a ranking and classification 

algorithm (HybridBoost) to learn cost parameters for the tracklet function. Yang et al. [68] 

create a conditional random field from the set of tracklets to remove the assumption of 

independence between the tracked objects. These approaches globally optimize the 

trajectories of all objects, instead of locally optimizing for each object. However, the 

performance is highly dependent on the reliable detection. If missed detection or long-

time occlusion happens, the performance deteriorates significantly. 

Alternatively, several approaches based on the Structure-from-Motion (SfM) 

framework [69] have been developed. The SfM framework was originally used for static 

3-D scene reconstruction in multi-view stereo applications. It can also be applied to 

moving cameras, combined with Visual Simultaneous Localization and Mapping (V-

SLAM), to calibrate and to localize the 3-D positions of the camera and static features 

[70]–[72]. Based on SfM, many researchers develop approaches to detect, track, and 

reconstruct moving objects within the static background, so-called dynamic scene 

reconstruction. In [60] and [61], the authors reconstruct not only the static background 
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but also humans and vehicles, and track them by the tracking-by-detection scheme. 

Kundu et al. [38] presents a real-time, incremental visual SLAM system that allows 

choosing between full 3-D reconstruction or simply tracking of the moving objects. The 

approach in [73] estimates the ground plane by using sparse features, dense inter-frame 

stereo and object detection based on a real-time monocular SfM framework. The 

advantage of the SfM based approaches is to locate the objects in 3-D space, so as to deal 

with the occlusion problem during tracking. For this reason, we also choose to 

reconstruct the 3-D locations of the objects based upon the SfM framework in our 

proposed scheme. 

2.3 Tracking across Multiple Static/Moving Cameras 

The challenge of object tracking across multiple cameras is to understand the 

correlation and association of a moving object among multiple cameras, and then 

correctly identify and track the object from one camera to another (successful label 

handoff). Many papers in the literature [74]–[82] treat the problem as the person re-

identification task, which commonly learns sets of descriptors and/or the metric functions 

to compute the similarities between the people using a pre-collected dataset. However, 

the tracking problem across multiple moving cameras is beyond the re-identification task. 

Since the mapping between two cameras keeps on changing when the cars move, such 

conditions will prevent the direct use of most person re-identification approaches. 

Tracking across multiple static cameras with overlapping views has been well 

investigated [83]–[87], by exploring the spatial-temporal homography and association of 

color information between the cameras. In [88] and [89], the authors utilize a 

probabilistic occupancy map to deal with human tracking under multiple cameras with 

overlapping FOVs. As for non-overlapping scenarios, time-space cues and appearance 

features are normally used for the label handoff. The problem then becomes how to learn 

the time-space and appearance relationships between cameras effectively. In addition to 

the supervised [83],[90] and semi-supervised [91] learning schemes, there are several 
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approaches that effectively use unsupervised learning schemes. In [92], the authors came 

up with an approach for inferring the time-space relationship by measuring statistical 

dependence between observations in different cameras. In Gilbert’s work [93], color 

information is used in building the transition time distribution. Matei et al. [94] proposed 

a method using joint kinematic and image appearance information for vehicle tracking. In 

[95], the authors utilize game theory to solve the label handoff issue in a collaborative 

PTZ camera network. In [10], a method was proposed to discover and remove the “weak 

link” which was defined as the redundant link between two cameras that are not directly 

connected. Recently, Chu and Hwang [97] propose a systematically estimated camera 

link model, in terms of solving a permutation matrix, by considering the transition time 

distribution along with and the holistic and regional human body color/texture 

appearance information. 

To the best of our knowledge, there has been very little literature discussing the issue 

of tracking across multiple moving cameras. Zou and Tan [98] proposed a collaborative 

V-SLAM based on the SfM framework for multiple cameras. These cameras move 

independently and cooperate with each other to reconstruct the 3D trajectories of moving 

objects in a highly dynamic environment. However, Zou’s work focuses on how to 

collaboratively reconstruct the 3-D objects from the multi-view videos; tracking problems 

such as trajectory prediction and association of the objects are not considered. 

2.4 3-D Visualization 

Earth can be visualized on the Internet with the growth of online Aerial Earth Maps 

(AEMs) services, such as Google Earth, Microsoft Virtual Earth, etc. We can visually 

browse through cities across the globe from our desktops or mobile devices and see 3D 

models of buildings, street views and topologies. However, such virtual environments 

only display static scenes, while dynamic scenes catch more people’s attentions. 

Accordingly, several systems have been developed using static cameras. Sebe et al. [99] 

built a visualization system in which GPS devices, orientation sensors and video cameras 
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contained in a tracking backpack carried by a pedestrian were used to create augmented 

virtual environments. Kim et al. [100] analyzed videos of cities with pedestrians and cars 

under differing conditions, and then created augmented AEMs with live and dynamic 

information. In [101], the authors develop a distributed system for sensing, interpreting 

and visualizing the real-time dynamics of urban life within the 3D context of a city. Their 

work reconstructs a dynamic scene from a static surveillance videos or cameras; in 

contrast, our proposed work creates 3-D visualization from both static and moving 

cameras. 
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Chapter 3 – Static Camera Tracking 

3.1 Overview 

In this chapter, our proposed static tracking approaches are described, including 

human tracking under a single camera, human tracking across multiple cameras, and 

vehicle tracking under a single camera.  

For human tracking under a single static camera, the proposed approach adopts 

Constrained Multiple-Kernel (CMK) tracking [8], which uses a Kalman filter to predict 

and refine the tracking results. A pre-trained human detector is additionally used in the 

CMK tracking system to solve the initial merging issues. For human tracking across 

multiple static cameras, a self-organized and scalable multiple-camera tracking system 

that tracks humans across cameras with nonoverlapping views is proposed. The system is 

mainly based on the work in [97], and further utilizes information from Google Maps, 

such as routing information and transition time. Thanks to the unsupervised pairwise 

learning and tracking in our system, the proposed system is able to be scaled up 

efficiently when more cameras are added into the network [86]. 

For vehicle tracking under a single static camera, CMK tracking is extended from 2-

D space to 3-D space. The tracking system starts with a 3-D generic vehicle model, 

which can be deformed to different types of vehicles. Hence, based on the CMK tracking 

framework, our proposed approach regards each patch of the 3-D vehicle model as a 

kernel, and tracks the kernels under certain constraints facilitated by the 3-D geometry of 

the vehicle model. Meanwhile, a kernel density estimator is designed to fit the 3-D 

vehicle model during tracking. By elegant application of the constrained multiple-kernel 

tracking facilitated by the 3-D vehicle model, the vehicles are able to be tracked 

efficiently and located precisely [102]−[104]. 

The concept of the CMK tracking is introduced in Section 3.2, followed by the CMK 

based human tracking (Section 3.3) and vehicle tracking (Section 3.4). 
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3.2 Constrained Multiple-Kernel (CMK) Tracking 

The objective of CMK tracking is to retrieve a candidate object, which can be 

described as multiple kernels with pre-specified constraints among these kernels, so that 

the maximum similarity between the tracked object and the candidate model can be 

reached. For Nκ kernels, the total cost function J(x) is defined to be the sum of the Nκ 

individual cost functions Jκ(x), which is designed to be inversely proportional to the 

similarity, 

   
1
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where simiκ(x) is the similarity function at the location x in the state space domain. 

Moreover, the constraint functions C(x) = 0 need to be considered to maintain the 

relative locations of the kernels. The constraint functions confine the kernels based on 

their spatial inter-relationships. Thus, the problem could be further formulated by 

ˆ arg min ( )Jx x
x

,  subject to ( ) C x 0 . (2) 

3.2.a Projected Gradient-based Multiple-Kernel Tracking 

In order to gradually decrease the total cost function and maintain the constraints 

satisfied during the state search, the movement vector δx, i.e., the gradient vector of the 

J(x), is needed for the projected gradient method [8] to iteratively solve the constrained 

optimization problem. The basic idea is to project the gradient vector onto two orthogonal 

spaces: one is related to decreasing the cost function, and the other corresponds to 

satisfying the constraints. (i.e., C(x) = 0): 
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where nx  is the state vector; 
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 is the matrix including m constraint 

functions, and ( ) : n
ic x  is the i-th constraint function; 

n mxC  is the gradient 

matrix of constraint functions with respect to x; Jx is the gradient vector of the total cost 

function with respect to x, and α > 0 is the step size. 

As proved in [8], 𝛿𝐱
𝐴  and 𝛿𝐱

𝐵  are orthogonal to each other. Moving along 𝛿𝐱
𝐴  

decreases the total cost function J(x) while keeping the same values of C(x). On the other 

hand, moving along the 𝛿𝐱
𝐵  can lower the absolute values of C(x). Owing to these 

characteristics, the optimal solution can be achieved in an iterative scheme. The iteration 

is stopped when either the cost function and the absolute values of constraint functions 

are both lower than some given thresholds εj and εc respectively, or the iteration count is 

larger than a threshold T (Algorithm 1 in [8]). 

3.2.b Adaptive Cost Function 

When occlusion happens, not all the kernels can be used for matching. To solve the 

issue, each kernel is assigned an adaptively adjustable weight wκ in Eq. (1):  
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Thus, the movement vector in Eq. (3) is modified to be: 
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dimension of the state space. 

The value wκ corresponding to the κ-th kernel is adaptively updated based on the 

similarity simiκ and is normalized to make the sum of the wκ’s equal to Nκ. The idea of the 

adaptation is that the movement vector will have higher confidence for a kernel with 
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higher similarity than for one with lower confidence. When a kernel is ineffective due to 

occlusion, the movement vector will adaptively count on the other effective kernels (i.e., 

kernels with higher similarity) [8]. 

3.3 CMK Based Human Tracking 

3.3.a Single Static Camera 

CMK based Human Tracking under a single static camera is well developed in [8]. 

In general, when the target is occluded or it is similar to the background, an error may 

occur. This can be avoided by applying multiple kernels just as shown in Figure 3.1, 

where the kernel is expressed as the rectangle. If occlusion happens, the tracking result 

can be severely affected since kernel 1 loses a large amount of information, as shown in 

Figure 3.1(a). However, once the kernel 2 is added in Figure 3.1(b), although kernel 1 is 

nearly non-observable, the well-observable kernel 2 is used to recover the missing 

information resulting from the occlusion after introducing some constraints which can 

link the two kernels. 

 
(a)                                                               (b) 

Figure 3.1:   Rectangles represent kernels, and ellipse stands for the target object. (a) Single kernel with 

occlusion. (b) Two kernels with occlusion. 

When humans go into the view of the camera, there is the chance that two or more 

humans are merging together. By doing background subtraction, only one object can be 

extracted, as shown in Figure 3.2(a). To solve this issue, our work adopts the human 

kernel 1 kernel 1

kernel 2

obstacleobstacle
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detector C
4
 [43] when the size of the extracted object is greater than a pre-defined 

threshold. The advantage of using background segmentation before human detection is to 

locate and shrink the search region of humans, so as to reduce the computation. Figure 

3.2(b) shows the tracking result after detecting humans within the extracted object in the 

Figure 3.2(a). As the result shows, two humans, which are regarded as on object 

originally, are detected and separated properly. 

                      
(a)                                                              (b) 

Figure 3.2:   Tracking results when the initial merging issue occurs (a) without human detector, and (b) 

with human detector. 

3.3.b Multiple Static Cameras 

A framework that tracks human across the cameras with nonoverlapping views is 

proposed in [97]. The framework explores the relationship between a particular pair of 

entry/exit zones in two directly-connected cameras; we call it a camera link model. Given 

a camera network consisting of multiple cameras, two pieces of information are required 

before the camera link model estimation can be performed. (i) The system needs to 

identify which pairs of cameras have link models between them, i.e., which pairs are 

directly connected. Wrong links or redundant links decrease the tracking performance 

easily, due to the increased searching range resulting in reduced recall rate and increased 

false positives, not to mention the exponentially increased computational complexity. (ii) 

To our observation, the link actually only connects two entry/exit zones in a pair of 
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directly-connected cameras; that is, if a person is traveling between two cameras, he/she 

will likely leave from one particular zone and enter into the other. Hence, the training 

data used in camera link model estimation (and the subsequent re-identification tracking) 

should only include the observations happening in these two specific zones in order to 

avoid too many outliers. Therefore, to identify which specific zones are linked together is 

another critical issue. Based on the framework in [97], we propose a systematic method 

that performs the camera link identification by incorporating the information from 

Google Maps and Google Street View.  

Figure 3.3 shows the overview of our proposed system. First of all, the camera link 

identification, including link existence detection and connected zones identification, is 

performed based on the incorporation of Google Maps. After that, the system 

automatically estimate the camera link model based on the training data. Finally, the 

model is utilized for tracking objects across multiple cameras with nonoverlapping field 

of views. 

 

Figure 3.3:   System Overview. 

The camera link model between each pair of directly-connected cameras has been 

shown to be effective in tracking human across multiple cameras [96],[97]. Before the 

camera link model is estimated, the prior knowledge is the identification of which pairs 

of cameras within the camera network should possess a camera link model. In this section 

we introduce how our system detects the existence of links given the GPS locations of the 
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cameras. The camera link identification includes the following two modules: link 

existence detection and connected zones identification. 

Link Existence Detection 

Given the locations of the cameras, which are easily obtained when setting up the 

cameras in the environment, we are able to access the routing information provided by 

Google Maps. The routing information contains the possible routes between any two 

locations. If there exists one route that connects two cameras without passing by another 

camera, we recognize them as directly-connected, and there should be a link between 

them. If all the routes between two cameras pass by at least one other camera, we 

recognize the link should not exist between the two cameras. Figure 3.4 shows an 

example of the routing associated with three cameras denoted by C0, C1, and C2, whose 

locations are shown in Figure 3.4(a). To our observation, in practice people tend to 

follow similar paths due to the presence of an available pathway, obstruction, and 

shortest route, so it is reasonable to utilize the estimated paths from Google Maps as the 

routing information. Figure 3.4(b), (c) and (d) show the shortest routes between each pair 

of cameras. Since the route between C1 and C2 passes C0, the system only detects the 

links between C0 and C1 and C0 and C2. 

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

Figure 3.4:   An example of the routing associated with camera 0, 1, and 2. (a) The locations of three 

cameras. The shortest route between (b) camera 0 and 1, (c) camera 0 and 2, (c) camera 1 and 2. 

Connected Zones Identification 

There may be several entry/exit zones within a camera’s view. The link between two 

directly-connected cameras actually only connects one zone each in these two cameras. 

So far, we can only know the existence of the link from the link existence detection 
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without knowing the specific zones that are connected together. If we can know the 

connected zones, we only need to collect the training data, the exit and entry observations, 

from the associated zones so as to reduce large number of outliers in the training data 

during the estimation of the camera link model and also obtain better accuracy when 

tracking the objects.  

First of all, all the zones within each camera are detected in an unsupervised manner 

by using a Gaussian Mixture Model (GMM) based on the collected entry/exit 

measurements [96]. Next, we match the camera’s view with the panoramic images 

automatically retrieved from Google Street View to estimate the principal orientation of 

the camera. The scheme of the street view matching is described as follows: (i) given a 

GPS location, access the images from Google Street View with different viewing angles 

θ, pitches φ, and foveation f; (ii) perform feature point matching between the images and 

the camera’s view; (iii) identify the image with the maximum number of matched points, 

and the corresponding viewing angle θ that gives the principal orientation of the camera. 

Figure 3.5 shows an illustration of the scheme, where the camera’s view highly matches 

one of the panoramic images. Moreover, the direction of the route is provided by Google 

Maps according to the GPS locations. Therefore, given the principal orientations, the 

direction of the route, and the detected entry/exit zones, we can estimate the two zones 

that are connected together. 

 

Figure 3.5:   The estimation of principal orientation of the camera. 

N
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3.4 CMK Based Vehicle Tracking 

3.4.a 3-D Vehicle Modeling 

3-D vehicle modeling [28] generates an approximate 3-D vehicle model deformed 

from a 3-D generic model. The basic assumption is that the camera is static and well 

calibrated (i.e., the 3 × 4 projective matrix 𝐏̂ is known), so as to facilitate the projection 

from the 3-D model to 2-D geometric primitives. The 3-D deformable model with 16 

vertices and 23 arcs, as shown in Figure 3.6(a) [28], is defined by 12 shape parameters, 

such as vehicle length (L), vehicle widths (W1, W2), vehicle heights (H1, H2, H3, H4), 

and so on; its pose is determined by three parameters, which are its position (X’, Y’) on 

the ground plane and its orientation θ about the vertical axis perpendicular to ground-

plane, based on the ground-plane constraints (GPC) [26]. These 15 parameters in total 

can be estimated by evaluating the fitness between image data and the projection of a 3D 

deformable model, in an evolutionary computing framework called estimation of 

multivariate normal algorithm- global (EMNAglobal) [105]. 

 
                                                   (a)                                                                   (b) 

Figure 3.6:   (a) A generic model for 3-D vehicle modeling [28]. (b) Table of the kernels in 3-D vehicle 

model. 

The basic assumption in 3-D vehicle modeling is that the camera is static and well 

calibrated (i.e., the 3 × 4 projective matrix 𝐏̂ is known), so as to facilitate the projection 

from 3-D model to 2-D geometric primitives. The pose initialization of a 3-D model is 

achieved from image-plane-based vehicle detection. For each object of interest 
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segmented from the foreground extraction, a bounding box of the vehicle region is 

assigned. Owing to 𝐏̂, the homography correspondence between the image plane and the 

ground plane can be easily obtained. Therefore, the center of the bounding box in the 

image plane, corresponding to the coordinate of the point in the ground plane, is used as 

the initialized values of (X’, Y’). Based on the previous tracking results, which connect 

the coordinates of vehicles in the current frame with those in the previous one, and the 

obtained homography correspondence, the location of vehicles in the world coordinate 

system (WCS) can then be estimated. 

A fitness evaluation score (FES) is considered as the measurement of the 3-D vehicle 

model fitting in an iterative optimization. To evaluate the FES, the wire-frame 3-D 

vehicle model is projected onto the image plane to construct a series of visible projected 

line segments. For every visible projected line segment l, a virtual rectangle with size of 

Lr ×  2Wr is assigned, as shown in Figure 3.7. The idea of the fitness evaluation is to 

compare gradients along the directions perpendicular to the projected line segments. If a 

line segment fits the image data well, the gradient directions of pixels with large gradient 

magnitude values in the rectangle should concentrate on the perpendicular direction of 

this projected line. The gradient magnitude m(x, y) and orientation o(x, y) are calculated 

for each pixel Si within the virtual rectangle. More specifically, the fitness score iSE  for 

Si is calculated by the vertical component of its gradient magnitude along the line 

segment direction with angle ϕ: 

( , ) sin( ( , ) )iSE m x y x y    . (6) 

Note that iSE  is further weighted by a standard Gaussian distribution 0, ( )iwG d  with  

0 and w   , where di denotes the distance between Si and the projected line 

segment. Hence, the fitness score of the project line segment l is calculated by the 

weighted sum iSE , and the whole FES between the projection of the vehicle model and 

the image data is accumulated by all the visible lines: 
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Figure 3.7:   The idea of fitness evaluation. 

The parameters optimization is to find a better (i.e., higher FES) 3-D vehicle 

configuration in the 15-dimensional (12 shape + 3 pose) parameter space. In order to 

simultaneously optimize these 15 parameters, which are independent of each other, an 

evolutionary computing framework called estimation of multivariate normal algorithm-

global (EMNAglobal) is adopted. EMNAglobal is an extended version of the estimation of 

distribution algorithm (EDA), which has a high efficiency for optimization of multiple 

variables [28]. Consequently, the parameters are iteratively optimized to achieve the best 

fitting 3-D vehicle model. 

 

 
                                              (a)                                                                    (b) 

Figure 3.8:   An example of the constraints between K
*
{VI} and K

*
{IV} in (a) 2-D case and (b) 3-D case. 
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3.4.b CMK Tracking with 3-D Vehicle Modeling 

To combine CMK tracking with 3-D vehicle modeling, we regard each patch (plane) 

of the 3-D model as a kernel. The corresponding vertices of each kernel, annotated by 

K
*
{•} (superscript indicates the dimension of the kernel space), are shown in Figure 3.8. 

Each kernel is a basic component in the tracking procedure. 

Multiple-Kernel in 2-D Space 

After a 3-D vehicle model is built, it is projected onto the image to form a 2-D wire-

frame vehicle model, which includes many kernels (K
2
{•}). Based on the framework in 

[2], the color histograms of the kernels are used in the measurement of the similarity. 

Hence, K
2
{κ} (also called the κ

th
 target kernel) is described by its probability density 

function (pdf) q in terms of r-bin histograms, and the u
th

 bin of the κ
th

 kernel is given by: 
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 , (8) 

where   denotes L2 norm, 2 p  is the center of K
2
{κ}; 1...{ }i i n


p ; 2

i
 p  are the 

pixel locations inside K
2
{κ}; h is the bandwidth of the K

2
{κ}; and δ is the Kronecker 

delta function. The function 2: {1... }b r  associates the pixel at location pi with the 

index ( )ib p of its bin in the color histograms. k(•) is a kernel function with a convex and 

monotonic decreasing kernel profile.  

During multiple-kernel tracking, all the kernels search the regions which have the 

most similarity to the target kernel, while maintaining the given constraints. However, 

either due to the view aspects or occlusions, not all the kernels are reliable. First, 

according to the view aspect, only completely visible planes projected onto the image 

frame are used for multiple kernel tracking. In other words, kernels hidden behind are 

weighted by zero. Second, to keep the inter-relationship of the kernels, several constraints 
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need to be assigned based on the 2-D geometry between the kernels. Hence, the 

constraint functions are assigned by: 

 

2
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,t n
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

 





p p

,  for any visible K
2
{ | IV   }, (9) 

where p
IV

 = (x
IV

, y
IV

) is the center of K
2
{IV} and {(x

κ
, y

κ
)} are the centers of the visible 

kernels K
2
{κ}, Lκ,IV is the initial distance between the centers of K

2
{κ} and K

2
{IV}, and 

φκ,IV is the initial angle between the kernel axis and the horizontal axis. These constants 

need to be adaptively updated when either size and/or orientation of a vehicle are greater 

than the empirical thresholds. Figure 3.8(a) shows an example of κ = VI, where (•) 

indicates the index of the vertices defined in Figure 3.6(b). Notice that both LVI,IV and 

φVI,IV are measured in 2-D space. 

Taking advantage of kernel-based tracking and 3-D vehicle modeling of the tracked 

vehicle, this approach [102] incorporates 3-D vehicle models into the multiple-kernel 

based tracking. The system adopts the (2-D) CMK tracking framework [8], facilitated by 

an automatically built 3-D vehicle model, to efficiently track and localize the vehicles. 

Even though the approach in [102] performs well in limited scenarios, there are some 

issues that need to be improved: 

1) As the scale or the orientation of vehicles changes greatly, the information of the 

kernels becomes unreliable and has to be updated. 

2) The tracking of the kernels is based on the 2-D (image) space because the color 

information is extracted from the 2-D image frame, while movement of the 3-D 

vehicle model is still defined in 3-D space. 

3) The constraints for multiple kernels in 2-D space are not suitable to the kernels in 3-

D space, since they will change during the movement of a vehicle due to the 

varying view aspects. 
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These issues may gradually make the tracking features of the vehicles unreliable, so 

that the error of the tracking becomes larger and larger. To overcome this problem, in this 

paper, we propose an innovative 3-D constrained multiple-kernel tracking facilitated by 

the 3-D vehicle model. Instead of tracking kernels in the 2-D space, the proposed 

approach directly tracks the vehicles in 3-D space. 

Multiple-Kernel in 3-D Space 

The basic concept is to consider 3-D planes as kernels and search their candidate 

kernels in 3-D space instead of 2-D space. In other words, we minimize the cost function 

J(x) in Eq. (4), where 3x . To make it clearer, we redefine the formula and the 

annotations for this problem. Let p be the 2-D points in the images, and P be the 

corresponding 3-D points, where 2p , 3P , p is obtained by projecting P through 

the projective matrix 𝐏̂.  

To describe a kernel in 3-D space, we need to provide color information to a 3-D 

kernel (K
3
{•}), because the color information from the images is only defined in 2-D 

space. Thus, for each visible kernel K
3
{κ}, we associate the color information by back-

projecting the 2-D points within K
2
{κ} to the 3-D points within K

3
{κ}. Let P  denote the 

3-D points back-projected from the 2-D point p
κ
 in the image to the 3-D kernel (or plane) 

K
3
{κ}, i.e., the intersection between a viewing ray passing through p

κ
 and the plane 

K
3
{κ}. Therefore, K

3
{κ} can now be described by its pdf q in terms of the r-bin 

histograms, and the u
th

 bin of the κ
th

 kernel is given by: 
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where 3
1...{ } ,i ii n

 
 P P are the 3-D points back-projected from { }i

p  (inside K
2
{κ}) to 

K
3
{κ}, c

P  is the center and h′ is the bandwidth of K
3
{κ}. 



29 

 

A reference kernel (annotated by K
3
{κ

*
}) which has the maximum visible area is 

selected within K
3
{I, II,…, IX}. To properly set the constraints, we consider the 3-D 

geometry of the vehicle model. First, the distance between K
3
{κ} and K

3
{κ

*
}should be 

the same, which implies 

* 2
2

,( )'c c L 
 P P , for any visible K

3
{ |    }, (11) 

where ,'L    is the initial distance between K
3
{κ} and K

3
{κ

*
}. Second, the pitch and yaw 

between K
3
{κ

*
} and K

3
{κ} should be the same. We start to calculate the two vectors va 

and vb which are orthogonal to each other and cross c
 

P ,  

,   
2 2

,
a o o

a c
b

bcv v
   

   
   

P P P P
P P  (12) 

where o
P  are the intersection of two adjacent lines selected from the K

3
{κ}, and a

P , b
P  

are the end points of both wires, respectively. Let us define , c cv  
 


  P P , we can 

obtain the constraints for the pitch and yaw, 
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, for any visible K
3
{ |    }. (13) 

Figure 3.8(b) shows an example of the constraints of K
3
{VI} with κ

* 
= IV, with va, vb, and 

vVI,IV being indicated in the figure. 

Similarity and Fitness Terms 

Although the vehicles can be approximately tracked by the CMK tracking based on 

the color information, the 3-D vehicle models cannot be properly fitted. To overcome this 

problem, we take the fitness of the 3-D vehicle model into account when solving the 

optimization; in other words, the cost function in Eq. (4) becomes 

      
1

,
kN

fsJ w J J  


 x x x

 
(14) 
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where  sJ x is the similarity term associated with the color similarity of the kernel, and 

 fJ x  is the fitness term associated with the fitness of the kernel, 3x . Hence, the 

cost function in Eq. (5) can be rewritten: 

1 1( ( ) ) ( ) ( ( ) ( ))fT T s T        x x x x x x x x xxI C C C C W J J C C C C x  

            1 1 1( ( ) ) ( ( ) ( )) ( ( ) ) fT T s T T T          x x x x x x x x x x x x xI C C C C WJ C C C C x I C C C C WJ          

                            A B C    x x x , 

(15) 

where Cx  is the movement vector associated with the fitness. Again it can be shown Cx  

is orthogonal to both Ax  and Bx  (see Appendix A), which implies moving along Cx  is 

able to achieve better 3-D model fitting while maintaining the similarity and constraints 

of the kernels. 

Given a 3-D kernel K
3
{κ}, the similarity term is determined by the similarity 

measurement, for instance, the distance between the target and the candidate kernels. As 

for the fitness term, the purpose is to further fit the 3-D vehicle model onto the image. 

Since higher FES implies a better fitness of the model, the FESs of the kernels are 

considered as the measurement. Thus, we design a kernel density estimator by taking the 

FES into account. For a pixel p
κ
 belonging to K

2
{κ}, we calculate the FESs of the lines, 

associated with K
2
{κ} centered at p

κ 
(annotated by 2K { }p ). In other words, 2K { }p  is 

projected from K
3
{κ} which is shifted by c

 P P . Therefore, for each p
κ
, the FES ( )E p  

is defined by: 

2K { }

( ) [log( )]l

l

E E



  
p

p . 
(16) 

Note that ( )E p  is then applied to a kernel density estimator with kernel profile k(•). 

More specifically, ( )fJ x  is calculated as follows: 
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The purpose of the fitness term is to densely estimate the fitness of the kernel, such 

that the optimization tends to better fit the kernels. However, it is not necessary to 

evaluate all of { ( )}E p  for a kernel K
3
{κ}, since the effect of the fitness is dominated by 

the points around the center of K
3
{κ}. Thus, we uniformly sample the (dense) points 

1...{ }
di ni


p , 1 dn n  , whose normalized distances between their back-projected points 

and the center of the kernel are smaller than a given threshold, i.e., 

( ) ' ,0 1i h      P P . 

3.4.c A Complete Tracking System 

We propose an automatic system which combines the Kalman-filtering framework 

with our 3-D vehicle model based CMK tracking. Figure 3.9 shows the schematics of the 

proposed vehicle tracking system. The first step is to segment the foreground objects, by 

using background subtraction technique. Second, the Kalman prediction is applied to the 

segmented objects. Then, if the 3-D vehicle model is not yet built or needs to be updated, 

the predicted pose of the vehicle is used for building the 3-D vehicle model, which is then 

applied to the CMK tracking; otherwise, the CMK tracking is facilitated by the pre-built 

3-D vehicle model to track and locate the vehicles. Finally, the tracking results are used 

to update the states of the Kalman filter for further prediction. 
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Figure 3.9:   Overall proposed system framework. 

After the CMK tracking, the kernels are local-optimally shifted based on the color 

similarity and shape fitness. However, when a vehicle turns left or right, the 3-D vehicle 

model cannot be fitted perfectly due to the orientation change. To improve the fitness of 

the 3-D vehicle model during the orientation change, we evaluate the FES of the 3-D 

vehicle models within a possible range of θ, and then select the 3-D vehicle model 

candidate with the highest FES. More specifically, for a tracked vehicle, we first predict 

the orientation (annotated by θpredict) by Kalman-filtering. Then, the 3-D vehicle models 

with different θ are regarded as the candidates, where θ is set as predict  d    , 

1 10d  . A typical value of  is 0.5. Finally, the candidate with the highest FES is 

determined as the solution. 

When occlusion occurs, the system requires different strategies to deal with partial 

and/or total occlusions. The challenge of partial occlusion is that the features of the 

tracked vehicle become unreliable in some partitions, resulting in mismatch of the 

tracked objects. In the CMK tracking, a less reliable partition (kernel) will be assigned a 

smaller weight; thus, the tracking tends to be more confident on a partition with larger 

weights [8]. Thanks to this adaptive weight assignment, the system has the ability to 

overcome partial occlusions during tracking. As for total occlusion, where the tracked 

object totally disappears, a possible way is to predict the traces of the vehicle and then 

resume the tracking when the vehicle appears again. Some approaches [13], [17] are 

proposed to deal with the total occlusion with reasonable performance. In our system, we 
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believe that Kalman-filtering has the ability to approximately predict the location of the 

totally occluded vehicles, because the vehicles usually go straight forward in a short time 

duration under the surveillance video. If the vehicle appears again after the total 

occlusion, Kalman-filtering is adopted to predict the location of the vehicle in the 

subsequent frame, and resume CMK tracking combined with the pre-built 3-D vehicle 

model. 

3.4.d Experimental Results 

Several experiments and corresponding discussions are provided in this section to 

demonstrate the performance of the proposed method. All the experiments are processed 

on a personal computer with a P4 2.67GHz CPU and 2G DDR. The implementation is 

constructed by C/C++, and the experimental settings are described as follows. In the 

CMK tracking, K-L distance is used for all similarity measures, and the histogram of the 

object is constructed based on the HSV color space with a roof kernel. In the 3-D vehicle 

modeling, the parameters used in EMNAglobal are N＝2000, R＝100, and the stopping 

threshold for the gradient magnitude is 2. For improving the robustness of the system, we 

rebuild the 3-D vehicle and update the kernels every 5 frames. The surveillance camera is 

supposed to be well calibrated, which implies intrinsic and extrinsic parameters are 

known. For comparison, we manually labeled the ground truth of the 3-D vehicle models 

and measure the performance in terms of average errors (per frame), which is defined by: 

15

ave

0 0

1
( ) ( ) ( )

tN
j j

i i
t j i

err t x t g t
N  

  , (18) 

where ( )j
ix t  is the 3-D location, ( )j

ig t  is the ground truth of vertex i of vehicle j, and Nt 

is the number of tracked vehicles in Frame t. The testing datasets include PETS 2000 

Dataset [106], portion of AVSS PV Easy [107], and our own recorded six datasets 

(Dataset 1–6). The content of the datasets are described in the left partition of Table 3.2. 

We use Dataset 4 for the discussion of subsections A and B, and test all the videos under 
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certain scenarios in subsection C. All the videos associated with the simulations reported 

in this paper can be viewed on our website
1
. 

 

Figure 3.10:   An example that shows the values of J(x) with different step sizes (α) vs. the number of 

iterations, in case of 3-D kernels. 

2-D Kernel vs. 3-D Kernel 

The 2-D kernels (K
2
{•}) is the projection (onto image) of the 3-D kernels (K

3
{•}). 

Although they have different dimensions, the 3-D kernels still have some characteristics 

of the 2-D kernels:  

1) The objects (patches in the 3-D model) are described by color histograms with a 

monotonically decreasing kernel profile k(•). The color information of K
3
{•} is 

provided from the pixels within the corresponding K
2
{•}. 

2) The mode of the kernel density in the local neighborhood can be found by applying 

the mean shift procedure [3]. Thus, we apply the mean shift vector with the opposite 

direction as our s
xJ  and f

xJ  in Eq. (15). 

3) The K3{•} are bound together under certain constraints, which are defined by the 

                                                 

1
 website: http://allison.ee.washington.edu/kuanhuilee/3dvt 

J(
x

)

α iterations

http://allison.ee.washington.edu/kuanhuilee/3dvt
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inter-relationship of the kernels in 3-D space, so that these constraints can be 

consistent during the tracking. 

Owing to these characteristics, the candidate kernels tend to be more similar to the 

target kernels, and the optimization in Eq. (2) can gradually converge. To speed up the 

convergence of the optimization in the 3-D CMK tracking, one possible way is to 

increase the step size α in Eq. (5). However, enlarging α will increase the probability of 

oscillation. Figure 3.10 shows an example of how J(x) changes with different α versus 

the number of iterations. From the figure, when α is smaller, J(x) decreases slower, 

taking more iterations to converge. In contrast, when α is larger, J(x) decreases more 

rapidly to relatively low cost values. Nevertheless, J(x) oscillates more before 

convergence. For example, with α = 2, J(x) quickly decreases its value after 4 iterations, 

but still cannot converge at the 20
th

 iteration. For 1.0 < α < 1.3, the optimization 

converges in around 15 iterations, and there are no severe oscillations before convergence. 

Thus, to achieve better performance, we empirically choose α = 1.2 for the step size, and 

εj = 0.26, T = 20 for the stopping criterion. Also, if the difference between the previous 

and the current εj is less than 0.001, the optimization is regarded as converged. Table 3.1 

shows the average number of iterations required for the convergence in 2-D and 3-D 

CMK tracking, where 3DCMK– and 3DCMK denote the optimization without and with 

the fitness term, separately. As shown in the table, the optimization in 2-D CMK tracking 

takes less than 10 iterations to converge, while the 3-D CMK tracking takes about 12 to 

15 iterations. The reason why the 3-D CMK tracking requires more iterations to converge 

is that the movement vectors need to shift along three directions ( Ax , Bx  and Cx ). The 3-

D CMK tracking with the fitness term ( ( )fJ x ) needs more iterations than that without the 

fitness term, which implies shifting along the Cx need more iterations to converge. 

Although including ( )fJ x  takes more time, it is still acceptable and worthwhile with the 

improved tracking performance. 
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Table 3.1:   Convergence Comparison 

Scheme 2DCMK 3DCMK– 3DCMK 

Average iterations 9.561 11.744 15.915 

Table 3.2:   Average Error (Meter) Experiments 

Dataset 
Situations Edge 

Density 

# vehicles  

in total 

Approach 

s o c Zhang [28]  Zheng [18] 2DCMK 3DCMK– 3DCMK 

Dataset 1 √   1.4137 24 0.7180 0.8058 0.6868 0.5824 0.5668 

Dataset 2  √  0.9135 5 0.8386 0.8985 1.8892 0.7545 0.7148 

Dataset 3   √ 1.0022 2 0.5075 0.5838 0.4125 0.3996 0.2209 

Dataset 4 √ √ √ 1.3510 11 0.4136 0.4203 0.3553 0.3414 0.2607 

Dataset 5 √ √  1.4604 12 0.6338 0.7109 0.5886 0.4963 0.4575 

Dataset 6 √  √ 5.6056 5 1.9771 2.3334 0.8174 0.7233 0.6245 
PETS 2000 √ √  1.8940 3 0.8512 1.0732 0.7144 0.6976 0.4616 
AVSS 2007 √ √  2.4921 7 0.6554 0.7277 0.7995 0.7786 0.5043 

 

Fitness Term 

In Eq. (14), the similarity term tends to retrieve a candidate kernel which has the 

highest similarity to the target kernel, but, only based on the color histogram. The fitness 

term plays an important role in achieving better fitness of the 3-D vehicle model on the 

image, because it tends to refine the location of the kernel for obtaining the best fitness 

level. As mentioned in Section 3.4.b, a kernel density estimator is designed for fitting the 

vehicle 3-D model, and the dense points 1,...{ }
di ni


p are uniformly sampled from the 

surrounding region ( ) 'i h   P P . If ρ is too small, the moving range for refinement 

of the fitness will be limited; if ρ is too large, although the moving range becomes wide, 

the optimization may be stuck in a local minimum which is far away from the ground 

truth. Besides, sampling too many dense points for the pdf evaluation is not efficient, 

since many dense points do not have color models highly similar to the target model. 

Figure 3.11 shows the average errors of the 3-D CMK tracking with the fitness term for 

different ρ values. The solid line in Figure 3.11 denotes the case of 3-D CMK with the 

fitness term, and the dotted line denotes the case of 3-D CMK without the fitness term. In 

the simulations without the fitness term, we disregard the fitness term Cx  in Eq. (15), 
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with other elements being kept intact. When ρ becomes larger, the improvement of the 

fitness term becomes smaller, because many dense points far away from the ground truth 

dominate the movement to the other local minima. The improvement also becomes 

smaller when ρ is smaller than 0.3. This is because there are too few reliable dense points 

to dominate the movement toward better fitness. Owing to these observations, we choose 

ρ = 0.4 in the experiments to achieve better results. 

 

Figure 3.11:   The average errors of the 3-D CMK tracking with fitness term under different ρ. 

Systematic Tracking Testing 

In these experiments, we test our proposed approach under certain scenarios, 

including scale change, orientation change and occlusion. Dataset 1 is used for testing 

scale change, Dataset 2 is for testing orientation change, the Dataset 3 is for testing 

occlusion, and the rest are for testing the situations of mixed scenarios. The influence of 

surrounding complexity is discussed in subsection 4. The performance of the proposed 3-

D CMK tracking approach (with and without the fitness term) is also compared with 

other state-of-the-art intensity-based approaches, such as Zhang’s [28] and Zheng’s [18] 

approaches. All three approaches adopt the 3-D vehicle modeling in [28], but with 

different pose estimation schemes. Our implementations of their approaches do not 

include additional optimization, such as parallel computing mentioned in [28], to the 3-D 

vehicle modeling, since such optimization cannot change the accuracy of the pose 

estimation. 
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i. Scale Change 

Scale change is one of the major issues during tracking. In [2], an adaptive scale 

change scheme for the kernel-based tracking is proposed. The basic idea is to adaptively 

change the bandwidth h of the kernel when the scale of the target varies, according to the 

scale invariance property of the similarity function of the kernel. The CMK tracking 

framework in [8] proposes a density estimator derived from [2], and performs well in 

human tracking. Thanks to the use of 3-D kernels, the movement vectors shifting in 3-D 

space are able to systematically adjust the scales of the kernels during the tracking. To 

demonstrate the efficiency of the 3DCMK, we tested the vehicles in Dataset 1, where the 

scale change happens to all vehicles (24 vehicles in total). Figure 3.12 shows the visual 

results of the 3DCMK in different frames. Table 3.2 shows the average errors of the 

tracking results with different approaches tested with Dataset 1. Figure 3.15 shows the 

frame-by-frame average errors of a tracked vehicle with different approaches. The 

3DCMKs can achieve better results because the color information of the vehicle is 

effectively utilized. 

To further investigate the performance difference between 2-D and 3-D CMK 

tracking, we compare them without updating the 3-D vehicle model. Figure 3.16 shows 

the average similarity of the kernels of an example of Dataset 1, in 2-D and 3-D CMK 

tracking. In Frame 56, the 3-D vehicle model is built, so that the average similarity is 1. 

In the 2-D CMK tracking, the average similarity continuously decreases due to the scale 

change. However, in the 3-D CMK tracking, the average similarity decreases until Frame 

67, and then maintains values within a range. This is because the candidate kernels get 

modified when the scale is changing. In our previous work [102], as well as the 2DCMK, 

we overcome the issue by updating the K
2
{•} in a period of time to maintain the 

reliability of the K
2
{•}. However, such a scheme may not succeed in some cases, for 

example, when the vehicle is occluded with a simultaneous scale change, or the 3-D 

vehicle model is not well fitted when the K
2
{•} is rebuilt. These cases will cause 

inaccurate results, and the fitting errors further propagate during tracking. 
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Figure 3.12:   The results of 3-D CMK tracking in Dataset 1, where a scale change of the vehicle happens. 

    

Figure 3.13:   The results of 3-D CMK tracking in Dataset 2, where an orientation change of the vehicle 

happens. 

    

Figure 3.14:   The results of 3-D CMK tracking in Dataset 3, where a vehicle is occluded by another one. 

 

Figure 3.15:   The average errors of the tracking results with different approaches during scale change. 
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Figure 3.16:   The average similarity of the kernels of the example in Figure 3.13. 

 

Figure 3.17:   The average errors of the tracking results with different approaches during orientation change. 

 

Figure 3.18:   The average errors of the tracking results with different approaches under (partial) occlusion. 

ii. Orientation Change 

Orientation change occurs when a vehicle turns left or right. To test the performance 

during the orientation change, we test with Dataset 2 in which several sedans turn left at a 

corner. Figure 3.13 shows the visual results of the 3DCMK approach. Each figure 

consists of two half frames: the left half is the first frame when a vehicle enters into the 

region of interest, and the right half shows the tracked vehicle several frames after the 

first frame. The 3DCMK performs well while the vehicles continuously change their 
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orientations. Table 3.2 shows the average errors of the tracking results of different 

approaches, where the 3DCMK approaches perform as well as Zhang’s and Zheng’s 

approaches. This is because the performance for orientation change is dominated by the 

fitness evaluation. If the initial tracking contains adequate fitness in the iterative FES 

optimization, CMK tracking does not have an obvious advantage. Figure 3.17 shows the 

frame-by-frame average errors of a tracked vehicle with different approaches. The 

performance of the 3DCMKs is as good as the other approaches. On the other hand, the 

results of 2DCMK tracking are much worse than the other approaches, because it does 

not have ability to handle the orientation changes. 

iii. Occlusion 

Occlusion is another major issue during tracking, because occlusion will break the 

matching of the object template previously described, especially in terms of 2-D 

geometry features. Owing to the adaptive weighting mechanism associated with the 

similarity, the 3-D CMK tracking is able to track the vehicles facilitated by the more 

reliable kernels. In this section, we only consider the partial occlusion scenario. The total 

occlusion scenarios, where the whole vehicle is occluded such that it is impossible to 

accurately locate the vehicle, will require some additional dynamic state-space modeling 

(e.g., Kalman filtering) to facilitate the tracking as discussed in Section 3.4.c. Figure 3.14 

shows the results of the proposed approach while one vehicle is partially occluded by 

another vehicle. Note that the vehicles can be located and tracked well without occlusion 

(see the leftmost and rightmost figures in Figure 3.14) or with partial occlusion (see the 

middle three figures in Figure 3.14). Since the similarity of the occluded kernels becomes 

smaller, a smaller w  in Eq. (4) is assigned. Figure 3.18 shows the frame-by-frame 

average errors of the tracking results for different approaches. From the figure, 3DCMK 

again performs better than the other approaches. When occlusion occurs (from Frame 43 

to Frame 60), Zhang’s and Zheng’s approaches are not able to locate or track properly, 

because the gradients of the occluded vehicle are adversely affected by the occlusion. As 
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for the CMK-based tracking, kernels mainly rely on the non-occluded partitions, so as to 

maintain proper tracking under occlusion. 

iv. Automatic Tracking System 

In order to show the performance of the proposed approach, we test the complete 

tracking system which combines the 3-D CMK tracking with the Kalman filtering 

framework, as described in Section 3.4.c. Figure 3.19 (a)–(e) shows some of the results in 

the different datasets respectively, showing the localization of different vehicles in 

different colors. We further compare the performance, in terms of the average errors, of 

several competing techniques, as shown in Table 3.2. In the testing of PETS 2000, the 

proposed approach has obviously better performance because Zhang’s and Zheng’s 

approaches evaluate the localization of the 3-D vehicles by only using the FES scheme, 

which is sensitive to the intensity changes of the surroundings. The 2DCMK cannot 

achieve bigger improvement in the presence of scale and orientation changes. In AVSS 

2007, most cases have scale changes and orientation changes; thus the 3DCMK can 

achieve better performance than the others. The results of the 2DCMK and 3DCMK– are 

worse than Zhang’s approach, because both only rely on color information, resulting in 

the increased errors when orientation changes occur. In Dataset 1, Dataset 5, and Dataset 

6, in which the scenarios are mostly scale changes, the CMK based approaches perform 

slightly better than Zhang’s and Zheng’s approaches. Dataset 2 is an orientation change 

scenario, as shown in Figure 3.13, and Dataset 3 is an occlusion scenario, as shown in 

Figure 3.14, where 3DCMK performs better than the other approaches. In Dataset 4, the 

performance of 3DCMK is slightly improved because few scale changes and occlusions 

occur. In Dataset 6, total occlusion occurs when two vehicles intersect (see the leftmost 

figure of Figure 3.19(e)). Since the background is complicated, Zhang’s and Zheng’s 

approaches are adversely influenced by the initial misleading of the shape fitting. 

From Table 3.2, the 2DCMK performs as well as the 3DCMK– since they are mainly 

based on color information. Therefore, the CMK based approaches can achieve good 
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results especially when there is image clutter caused by the surroundings; the 

improvement resulting from the fitness term is obvious, since it efficiently enhances the 

shape fitting of the 3-D vehicle models. Especially in the cases of the orientation changes, 

the improvement is more obvious than the other cases, since the projected 3-D vehicle 

models adapt more effectively. 

 

v. Surrounding Complexity 

Surrounding complexity has a large impact on the fitness evaluation. Since higher 

complexity may produce a higher FES, there is more possibility to lead the FES 

evaluation to an unexpected local optimum. In order to measure the surrounding 

complexity, we use edge density in the region of interest (ROI) as the metric: 

ROI

1
( )edge

roi

d e
A 

 
p

p , (19) 

where e(p) is the magnitude of the Sobel 3×3 operation at p, and Aroi is the area of the 

ROI. 

Higher dedge normally indicates higher scene variability, which can produce possible 

local maxima of the FES, including other objects than the vehicle. If the FES evaluation 

is trapped in an unexpected local optimum, the error of the shape fitting gradually 

increases, and then the tracking prediction is further degraded. On the other hand, the 

3DCMKs track the object by first considering color information, thus providing better 

initialization for the FES optimization. As shown in Table 3.2, 3DCMK tends to have 

more obvious improvement than the other approaches when testing the datasets with 

higher dedge, such as Dataset 5, 6, and PETS2000. As for AVSS2007, the performance is 

only slightly improved. This is because the vehicles in that video are more discriminative 

when compared to the surroundings. In the occlusion case, such as Dataset 2, the fitting 

confusion is caused by occlusion. If the edge density of the occlusion is high, the 

proposed approach can achieve better performance; otherwise, if the edge density of the 
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occlusion is low, such as the traffic lights in Dataset 4, the improvement is not as 

impressive. 

     
(a) 

     
(b) 

    
(c) 

     
(d) 

    
(e) 

Figure 3.19:   A vehicle in PETS 2000 changes its orientation continuously. The results of 3-D CMK 

tracking in (a) PETS 2000, (b) AVSS 2007 , (c) Dataset 4, (d) Dataset 5, and (e) Dataset 6. 
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vi. Computation 

Thanks to the high efficiency of the kernel-based tracking, the proposed approach is 

quite efficient in computations. To demonstrate the efficiency, we compare the CPU 

computation time of the pose estimation, i.e., locating the pose parameters (X’, Y’, θ), in 

different approaches. Table 3.3 shows the results of the computation time in different 

approaches, in terms of seconds per vehicle. Zhang’s approach has the highest 

computation due to the large number of generations of individuals in the EMNAglobal 

framework. Instead of generating the individuals randomly, Zheng’s approach efficiently 

narrows the searching range, so that the computation is greatly reduced. Within the CMK 

based approaches, the 2DCMK has the best results because the optimization converges 

along the 2-D mean-shift vector. As for the 3DCMK– and 3DCMK, the optimization 

converges along the 3-D mean-shift vector, which implies that more iterations are needed. 

As mentioned above, when compared with 2DCMK, 3DCMK– needs about 2 more 

iterations on average, and 3DCMK needs about 6 more iterations on average. From Table 

3.3, the 3DCMK– spends one second more on average, and the 3DCMK is about 2 

seconds more on average; which is still relatively more efficient than Zhang’s and 

Zheng’s approaches. 

Table 3.3:   Computational Complexity 

Ave. time 

(second) 

Approach 

Zhang [28] Zheng [18] 2DCMK 3DCMK– 3DCMK 

per vehicle 47.268 5.277 1.197 1.283 1.425 

 

vii. Limitations 

Although performing well in many scenarios mentioned above, the proposed 

approach has some limitations. First, the 3-D vehicle modeling plays an important role in 

initially describing the kernels, as well as the target kernels. The tracking procedure is to 

find the candidate kernels which have the highest similarity to the corresponding target 

kernel. If the 3-D vehicle modeling cannot provide reliable target kernels, tracking will 

be based on incorrect kernels, and cause error propagation. Second, the color of the 
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vehicle also impacts the tracking results, since 3-D CMK tracking is highly dependent on 

the color histogram. For example, if a vehicle is occluded by an obstacle which has very 

similar color to the occluded vehicle, the CMK tracking will be confused and create the 

wrong tracking results. 

viii. Discussion 

In Zhang’s approach, the 3-D vehicle models are located by iteratively optimizing its 

parameters, according to the measurement of the fitness in terms of intensity and 

gradients. Zheng’s approach, also based on intensity, efficiently measures the fitness of 

the 3-D vehicle models in certain ranges, so as to reduce the searching computation. The 

difference between these intensity-based approaches and our proposed approach is that 

we further take the color information into account. In our proposed framework, the 

optimization of the cost function includes not only the color histogram but the 3-D shape 

fitness score. Therefore, the vehicles are tracked based on the color, which is a distinctive 

characteristic of the vehicle, and their shapes are fitted with 3-D models at the same time. 

Another difference between the competing approaches and our proposed approach is the 

optimization of the cost function. The other approaches search for the location of the 

vehicles with a relatively better fitness level, which implies that high computation is 

necessary in order to achieve good performance. However, the proposed approach 

optimizes the cost function along the mean-shift vectors, which is able to quickly 

converge. 

Most importantly, we propose a 3-D model-based tracking framework for vehicle 

tracking. Theoretically, the framework can also be applied to a highly complicated 3-D 

vehicle model [29], or any object with a 3-D model, to efficiently track and locate the 

objects. 
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Chapter 4 – Tracking under a Single Moving Camera 

4.1 Overview 

In this chapter, our proposed human tracking approach under a single moving camera 

is described in detail [108]. The proposed approach effectively integrates Visual 

Simultaneous Localization And Mapping (V-SLAM), human detection, ground plane 

estimation, and kernel-based tracking techniques, so as to successively track humans in 3-

D space. The system starts with human detection and V-SLAM for camera calibration. 

Then, the ground planes are estimated based on the camera motions, so that the 3-D 

locations (relative to the cameras) of the humans can be inferred. By taking 3-D 

information into account, we reformulate the tracking problem based on the Constrained 

Multiple-Kernel (CMK) approach [8], which can effectively resolve the occlusions 

during tracking, to globally optimize the data association between consecutive frames. 

Hence, the proposed system can not only track the humans effectively, but can also 

robustly handle occlusion during tracking, especially for ground moving platforms such 

as unmanned ground vehicles. 

Figure 4.1 shows the overview of the system. First, the system calibrates the camera 

motion by the classic Structure from Motion (SfM) pipeline within fs video frames from a 

moving platform, where we assume the height of the camera is known. Meanwhile, a pre-

trained human detector is adopted to detect humans in the video frames. Then, according 

to the calibrated camera motion, we can thus estimate the ground plane, which is used by 

the pose estimation step to back-project the humans’ 2-D locations to 3-D locations. 

Based on the humans’ 3-D locations relative to the camera motion, a depth map is 

constructed to represent the relative depth of the detected humans. Finally, the proposed 

Depth CMK tracking technique which combines the CMK tracking and the depth 

information, is used to globally associate the detections frame by frame. If a detection is 
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missing during the tracking, a hypothesized detection is inserted based on the tracking 

results, so that the detected humans can be tracked continuously. 

 

Figure 4.1:   Overview of the proposed system. 

4.1.a Structure-from-Motion (SfM) 

The monocular V-SLAM framework follows a standard bundle adjustment 

formulation, where an interest point operator is first applied to extract feature points that 

are matched between consecutive frames. Then, according to the matched feature points, 

a 5-point based RANSAC algorithm is used to estimate the initial epipolar geometry. 

Finally, the camera motions are determined by camera resection. The set of 3-D points 

and the corresponding feature points are used in the bundle adjustment process to 

iteratively minimize the reprojection error: 

ˆ,

ˆargmin ( )p q pq pq

p,qX

X d X ,x


 
P

P , (20) 

where Xp is the 3-D location of the p
th

 feature point, xpq is the observed 2-D location 

corresponding to Xp from the q
th

 video frame (the original formulation was referred to the 

q
th

 camera), ˆ
qP is the projective matrix of the q

th
 frame, ˆ

q pqXP  is the reprojection of Xp 

onto the q
th

 frame, and d(•) is the distance measurement between the reprojected locations 

and the observed locations in the image. This nonlinear least-square problem is solved by 

the Levenberg-Marquardt algorithm.  
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4.1.b Human Detection 

For human detection, we try to use some existing pre-trained human detectors, for 

comparative study, to detect humans in the video frames, i.e., the HOG-based human 

detector [45], the ISM human detector [48], the DPM human detector [46], and the C
4
 

human detector [43]. These human detectors can be embedded independently in the 

proposed system, so as to functionally perform human detection. To efficiently find the 

targets, we start to track a target when it has been detected in three consecutive frames; 

otherwise, the detections are regarded as false alarm. Furthermore, saliency detection is 

first processed by the detected human blobs [109], and then morphological operations 

(closing + opening + closing with 3×3 structuring elements) are executed to accurately 

obtain the segmentations. However, if the executed saliency detection is not sufficient, 

we then create an ellipse mask as the segmentation. To determine the saliency detection 

is sufficient, we calculate the ratio of the saliency area over the whole area of the human 

blob. If the ratio is larger than a threshold (0.7 in our work), this saliency detection is 

regarded as sufficient. 

4.1.c Ground Plane Estimation 

Due to unpredictability of road conditions, a ground plane estimated in the beginning 

may not be applicable for the entire video sequence. Therefore, the ground plane needs to 

be continuously re-estimated based on the updated camera motions from the SfM. Since 

the noise produced by camera calibration usually has an adverse impact on the ground 

plane estimation, we re-estimate the ground planes in every fg frames, fg ≤ fs. Therefore, 

we collect fg ground planes, each calculated by a pair of consecutive camera motions, to 

form a set of ground planes {(gq, ψq)}, where gq
3
 is the normal vector of the ground 

plane and ψq  is the offset of the plane. Finally, we combine them into a single 4-by-fg 

matrix D, 

T T( , ) ( , )
g gq q q f q f  

 
 

D g g . (21) 
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Note that some {(gq, ψq)} may be unreliable due to varying road conditions and noisy 

camera calibrations. 

To recover the uncorrupted version from the corrupted matrix D, we employ Robust 

Principle Component Analysis (RPCA) [110] to extract a low-rank 4-by-fg matrix A from 

D. Thanks to the characteristics of RPCA, the low rank matrix A consists of the 

uncorrupted data which represent more reliable ground planes for the application. The 

mean vector of the matrix A, annotated by (gm, ψm), is considered to be our final ground 

plane for those fg consecutive frames and is more resilient to the existence of noise in the 

system. Figure 4.2 shows an example of using a ground plane set {(gq, ψq) | 1,..., gq f } to 

estimate the final ground plane (gm, ψm). 

 

Figure 4.2:   An example of ground plane estimation. Gray planes are the video frames, and H is the height 

of the camera. The final ground plane for fg ground planes (dot-line plane) is obtained by a set of ground 

planes (solid planes). 

4.2 Depth CMK Human Tracking 

Once we have obtained the 3-D locations of the humans from the pose estimation 

stage (see Figure 4.1), we apply the CMK tracking technique to track them. In other 

words, we associate the targets in the current frame with the detections in the next frame. 

First, for each target, the 3-D location of its candidate is predicted by Kalman filtering. 

Then, CMK tracking is used to relocate the candidate’s 3-D location effectively by 

achieving minimum color distance. On the other hand, the depth information helps us to 

(g2, ψ2)

(g1, ψ1)
H

(gfg, ψfg)

(gm, ψm)
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understand the relative 3-D locations between the targets, so that we are able to handle 

occlusion issues in the tracking. By efficiently combining depth information into the 

CMK tracking, the proposed system not only effectively tracks the humans, but also 

handles occlusions well. 

4.2.a Depth Map Construction 

Based on the 3-D locations of the humans, we can construct a depth map to describe 

the relative 3-D locations of all the tracked targets. Figure 4.3 shows an example of the 

depth map, where Figure 4.3(a) shows the result of human detection and Figure 4.3(b) is 

the corresponding depth map. The depth map depicts the relative distance between the 

camera and the detected humans; higher (brighter) intensity means the detected humans 

are closer to the camera. As shown in Figure 4.3(a), two green-boxed targets are severely 

occluded by the other targets in front of them, while a red-boxed target is totally occluded 

by other targets. Thanks to the depth map, we can approximately evaluate if the i
th

 target 

is occluded or not, in terms of the visibility [0,1]iv  : 

visible area of  target
.

total area of  target

th

i th

i
v

i
  (22) 

If 1iv  , it implies the i
th

 target is totally visible without being occluded by other targets; 

if 0 1iv  , it means the i
th

 target is partially occluded; otherwise, it is totally occluded. 

         
(a)                                                                       (b) 

Figure 4.3:   An example of the depth map, showing (a) detections and (b) depth map, where higher 

intensity indicates detected humans are closer to the camera. 
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4.2.b Problem Formulation 

In [8], the CMK tracking scheme tracks video objects in 2-D space (image), i.e., 

2 kNx in Eq. (4). To efficiently integrate the depth information into the CMK 

framework, we need to reformulate the problem. First we extend Eq. (4) from 2-D to 3-D 

space, 

   
1

,i i i
N

J w J


 



 X X    3 NX . (23) 

This equation is regarded as the local optimization for each individual target i with 

multiple kernels. Second, considering the depth information, we assign the visibility of 

each target as a weight to deal with the global optimization. In other words, the total cost 

function becomes: 

     
1 1 1

q qN N N
i i i

i i

i i

J v J v w J


 

  

 
 
 
 

      X X X ,  (24) 

where Nq is the number of the targets in the q
th

 video frame, 3 qN N X , and 

1
1( ) ( )

T
T i T

 
 

X X X  for the i
th

 target and the κ
th

 kernel. 

  
                                         (a)                                (b)                                    (c) 

Figure 4.4:   Layout for (a) 2-kernel and (b) 4-kernel, both in 2-D space. (c) Illustration of the 3-D based 

constraints in case of 2-kernel layout. 

Necessarily, the constraint functions ( ) C X 0  must be considered to maintain the 

relative locations of the kernels. In [8], 2-kernel and 4-kernel layouts are proposed to 

describe a human, as shown in Figure 4.4(a) ,(b). Unlike the constraints used in [8], 

   

  

1
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2
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which are mainly based on 2-D geometry, we set the constraints based on 3-D geometry. 

Without loss of generality, here we only discuss the 2-kernel case as shown in Figure 

4.4(c), but the idea can be easily extended to the 4-kernel case. To represent a target in 3-

D space, we define a target plane ( , )i
q qn  for the i

th
 target in the q

th
 frame; where nq is 

the normal vector of the q
th

 frame, and i
q  is the offset of the target plane. To properly set 

the constraints, we start to calculate two auxiliary vectors, q q q  u n g and 

1,2 1 2
i i i u X X . First, the distance between two kernel centers should be the same, which 

implies 

2
2

1,2 ( )i
iLu , for the i

th
 target, (25) 

where Li is the initial distance between 1
iX  and 2

iX . Second, both the angle between qu  

and 
1,2
iu , and the angle between qn  and 

1,2
iu , should be consistent. The constraint with 

angle ,q i  limits right-left movement of the kernels, as shown in Figure 4.5(a); while the 

constraint with angle ,q i  limits forward-backward movement of the kernels, as shown in 

Figure 4.5(b). Therefore, we can have 

 

 

1,2

1,2

1 2

1,2

,

,

,

|||| ||
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q

i
q

q i

i

qi
q
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i













 




u u

u u

n u

n u

, for the i
th

 target in the q
th

 frame. (26) 

Those constraints can bind the kernels with each other in 3-D space during tracking. 

Hence, for each target i, the movement vector δX can be iteratively solved by using 

the projected gradient method: 

1 1( ( ) ) ( ( ) ( )),T T T       X X X X X XX X XI C C C C VWJ C C C C X  (27) 

where 1( ) ( ) ( )
T

mc c 
 C X X X is the matrix including m constraint functions, and 

3( ) : q kN N
jc   X  is the j

th
 constraint function, 
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 
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 


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V
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, Iv is an 3 3k kN N  identity 
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matrix, 
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w

w

 
 
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 


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W
I

, Iw is an 3 3q qN N  identity matrix, and JX is the gradient 

vector of the total cost function with respect to X. 

 
                                                            (a)                                         (b) 

Figure 4.5:  Constraints for binding 2 kernels in 3-D space along (a) left-right direction, and  (b) forward-

backward direction. 

     
(a)                                                                           (b) 

Figure 4.6:   An example of the hypothesized association in (a) frame 230 and (b) frame 233; the blue 

boxes represent the detections, and the red box is the inserted hypothesized association. 

4.2.c Hypothesized Association 

However, due to unreliable detection or occlusion, humans may not be detected for 

several frames. Hence, some tracked targets cannot be successfully associated with the 

detections in the subsequent frame. To consistently track a non-associated target, we 

insert a hypothesized association which has been located by the CMK tracking with the 
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best color similarity. Inserting a hypothesized association not only improves the detection 

rate but also helps to continuously track the targets. Figure 4.6 shows an example of the 

hypothesized association in case of occlusion. The person wearing gray clothes is 

detected in frame 230, but is then fully occluded by another person 3 frames later. By 3-D 

information, we can predict his 3-D location and understand that he is occluded. Hence, a 

hypothesized association is used here to represent a possible detection, as shown by the 

red box in Figure 4.6(b). 

4.3 Experimental Results 

In this section, we show experimental results of the proposed system on the ETH 

Mobile Scene (ETHMS) dataset [56], which is very challenging and difficult because of 

the heavy occlusions and busy crowd in the camera views. Since the proposed system is 

developed for the application of a monocular camera, we only use the left view sequences 

of the dataset. In our experiments, the proposed system is evaluated by its detection 

performance and tracking performance. Furthermore, we compare our results with three 

state-of-the-art methods [56],[63],[64]. In order to have a fair comparison of our 

proposed scheme with previous work, we use the same video sequences as used in their 

simulations. All the experiments are processed on a personal computer with a P4 

2.67GHz CPU and 2G DDR. The implementation is constructed in C/C++, and the 

experimental settings are described as follows. In the SfM framework, the proposed 

system adopts Harris corners as the features, which are tracked by a KLT tracker. Here 

we assume the height of the camera is known. In the human detection, the pre-trained 

detectors [43]–[45] are functionally applied to the proposed system to detect humans 

within 30 meters. In the CMK tracking, K-L distance is used for all distance measures, 

and an 8-bin histogram of the object is constructed based on the HSV color space with a 

roof kernel. The proposed approach is compared to the following three approaches. The 

approach in [56] is a stereo algorithm based on a graphical model. The approach in [64] 

is a dynamic programming algorithm based on flow network framework, with and 
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without the Non-Maxima Suppression (NMS) in it. The C2K is the proposed approach 

with 2 kernels and C4K is for 4 kernels. 

Table 4.1:   Comparison of Detection Rate and FPPI 

Method Detector Detection rate (%) 
False Positive Per 

Image (FPPI) 

[56] ISM 47 1.5 

[56] HOG 67.5 1.0 

[64] DPM 49.53 0.93 

[64] + NMS DPM 49.94 0.93 

C4K HOG 53.28 1.32 

C4K DPM 59.74 1.24 

C2K HOG 70.61 0.97 

C2K C
4
 62.36 1.14 

C2K DPM 75.58 0.89 

 

4.3.a Detection Performance 

The competing approaches are evaluated with different human detectors, in terms of 

the detection rate and false positives per image (FPPI). The results of the ETHMS dataset 

are shown in Table 4.1. As we can see, the approaches with DPM achieve better 

performance than that with other detectors, indicating that DPM provides more robust 

detections to facilitate better tracking. The results show that both the proposed approach 

(C2K, C4K) and the approach in [56] are superior to the approach in [64]. Since both 

approaches further utilize the 3-D information, instead of 2-D information only in [102], 

they can effectively handle occlusion issues. When comparing C2K with C4K, C2K 

performs much better than C4K because C2K has better tracking performance, which 

results in increasing the detection rate and decreasing the FPPI. The detection rate of the 

proposed approach can achieve about 75%, owing to proper insertion of hypothesized 

associations and successive tracking. This implies that missed detections can be improved 

by the tracking techniques, and also better detection results benefit the tracking 

performance. 
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4.3.b Tracking Performance 

To evaluate the tracking performance, we consider the following metrics which are 

widely used in the previous work [56],[63]: 

 Most Tracked trajectories (MT): the number of trajectories that successfully tracked 

more than 80% of frames in a video sequence. 

 Partially Tracked trajectories (PT): the number of trajectories that successfully 

tracked between 20% and 80%. 

 Most Lost trajectories (ML): the number of trajectories that successfully tracked 

less than 20%. 

 FragMentation (FM): the number of times a trajectory is interrupted. 

 ID Switches (IDS): the number of times two trajectories switch their IDs. 

The results of several sequences in dataset are shown in Table 4.2, where GT denotes 

the number of trajectories in the ground truth. Higher MT, lower FM, and lower IDS 

imply better performance. From the MT results, the approach in [64] is not as good as 

other approaches. Due to the limitation of 2-D information, the approach in [64] cannot 

solve occlusion issues well, thus resulting in lower MT and higher FM. On the other hand, 

the 3-D based approaches are able to improve the performance significantly by efficiently 

handling occlusions. C2K performs better than C4K, because the detected humans are too 

small to be clearly described by 4 kernels, which also include some additional 

background regions so that the tracking is often impacted by the background. 

Furthermore, there are more constraints for binding 4 kernels, making the optimization of 

the cost function more divergent. When comparing C2K with the approach in [56], 

although the MT/PT/ML results are comparable, the FM results of the CMK are much 

better than that of [56]. This implies that the proposed 3-D based CMK framework can 

effectively associate the targets, so as to perform well for successively tracking the 

targets. Several visual tracking results are shown in Figure 4.7, where (a), (b), (c), (d) are 

the ETHMS dataset, and (e), (f), (g) are the datasets recorded by ourselves. The results 
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show favorable performance of the proposed system, not only successively tracking 

humans but also handling occlusion in the tracking. Moreover, since relative 3-D 

locations of the humans are obtained with GPS information, we can also construct 3-D 

visualization of the dynamic scenes. Figure 4.8 shows the 3-D visualization of the dataset 

in Figure 4.7(f) and (g), showing the dynamic scenes in different aspects of views. All the 

videos associated with the simulations reported in this paper can be viewed on our 

website
2
. 

4.3.c Tracking in Unmanned Ground Vehicle 

The moving platform used in our experiments is an automocous ground robot 

programmed under a Robot Operating System (ROS). The robot is equipped with a 

1.6GHz CPU and WiFi connection. To achieve better real-time performance, the video 

streams are wirelessly sent to a nearby laptop computer with a 3.0GHz CPU to remotely 

compute the tracking algorithm, and then feedback the commands to the robot. The 

scenario is that the robot tracks a single person who is first detected and then 

continuously tracked/followed by the robot. Figure 4.9 shows the visual results from the 

perspective views of the robot. When the tracked person is partially occluded by the other 

person, the robot can still continuously track the same person. 

4.3.d Limitations and Discussion 

First, the proposed approach adopts the tracking-by-detection scheme to detect and 

then track humans; this implies that the approach highly relies on the detection results. 

However, if the quality of video sequences is not sufficient for the human detector(s), the 

proposed approach is not able to perform well on the poor detection results. More 

specifically, the tracking of a specific human is always triggered by the positive detection 

of a target. In other words, the proposed approach may not work well at night or in cases 

with insufficient lighting. Second, the proposed approach effectively estimates ground 

                                                 

2
 website: http://allison.ee.washington.edu/kuanhuilee/mpht 

http://allison.ee.washington.edu/kuanhuilee/mpht
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planes based on certain video frames when the platform moves on flat roads/fields, but 

will produce less reliable estimation if the roads/fields are severely bumpy, resulting in 

larger error of the object back-projection and impacting accuracy of the reprojected 3-D 

information. Hence, the proposed approach is not reliable for unmanned aerial vehicles, 

because the height dynamically changes, which then yields unreliable 3-D information of 

humans. 

Table 4.2:   Tracking Performance 

Dataset Method / Detector GT MT PT ML FM IDS 

Seq#1 [56] / ISM 73 66 5 2 8 1 

[64] / DPM 73 54 13 6 19 8 

[64] + NMS / DPM 73 55 12 6 19 8 

C4K / DPM 73 58 10 5 7 2 

C2K / DPM 73 64 7 2 3 3 

Seq#4 [56] / ISM 88 74 8 6 20 3 

[64] / DPM 88 52 16 20 29 14 

[64] + NMS / DPM 88 55 14 19 29 14 

C4K / DPM 88 64 14 10 18 6 

C2K / DPM 88 71 9 8 11 6 

Downtown#1 [64] / DPM 5 4 1 0 1 0 

[64] + NMS / DPM 5 4 1 0 1 0 

C4K / DPM 5 5 0 0 0 0 

C2K / DPM 5 5 0 0 0 0 

Downtown#2 [64] / DPM 38 10 10 15 2 1 

[64] + NMS / DPM 38 10 10 15 2 1 

C4K / DPM 38 12 9 16 1 0 

C2K / DPM 38 13 8 16 1 0 

UWcamp#1 [64] / DPM 13 9 3 0 1 0 

[64] + NMS / DPM 13 9 3 0 1 0 

C4K / DPM 13 12 1 0 0 0 

C2K / DPM 13 12 1 0 0 0 

GT: Ground Truth, MT: Most Tracked trajectories, PT: Partially Tracked trajectories, ML: 

Most Tracked trajectories, FM: FragMentation, IDS: ID Switches. 
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Figure 4.7:   Visual tracking results, from the top to the bottom: (a) ETHMS Seq#1, (b) ETHMS Seq#2, (c) 

ETHMS Seq#3, (d) ETHMS Seq#4, (e) Downtown Seq#1, (f) Downtown Seq#2, and (g) UWcamp Seq#1. 
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Figure 4.8:   3-D visualization reconstructed from the video sequences, showing different view aspects; top: 

Downtown Seq#2, bottom: UWcamp Seq#1. 

 

 

Figure 4.9:   Visual tracking results from the perspective views from an autonomous ground vehicle. 
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Chapter 5 – Tracking across Multiple Moving Cameras 

5.1 Overview 

In this chapter, we deal with tracking across multiple driving recorders, which can 

also be extended to other types of moving cameras (such as mobile robots or flying 

drones), and propose a framework to track on-road pedestrians recorded in the videos 

[111]. We assume a cloud server is used to collect the driving information of the vehicles 

via a mobile surveillance network. First, pedestrian tracking in a single moving camera is 

applied to each video. Based on the single-camera-tracking results, we treat the problem 

of tracking across cameras as a multi-label classification task, which determines each 

target belonging to one or several cameras’ FOVs by considering the association 

likelihood of the target as calculated based on the targets’ motion cues and appearance 

features. When a target is out of the camera’s FOVs, we predict the target’s locations 

facilitated by an open map service such as Google Maps. Moreover, by using the Google 

Earth service, a 3-D visualization of a dynamic scene can be reconstructed for users to 

see a holistic view or different viewing perspectives of the 3-D scenes reconstructed by 

the multiple videos, as shown in Figure 5.11. 

5.2 Framework Overview 

In the proposed approach, we assume a mobile surveillance network where a server 

collects the driving information within a local area and a period of time t = 1,…,T. The 

driving information includes (intrinsic) camera parameters, GPS, global timestamp and 

videos, which are synchronized by the global timestamps. Figure 5.1 shows the overview 

of the proposed framework. First, pedestrian tracking, which produces the moving 

trajectory and associated features of the tracked person (tracklet) in 3-D space, in a single 

camera is applied to each video. The videos are then used to build Brightness Transfer 

Functions (BTFs) for compensating color diversity of the cameras. After estimating the 
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pedestrians’ 3-D tracklets in each camera, the pedestrian tracking across multiple cameras 

is further applied, facilitated with the BTFs and map prior. Finally, the pedestrians’ 3-D 

tracklets are summarized and 3-D visualized in the 3-D real-world environment, based on 

an open map service, such as Google Earth. 

 

Figure 5.1:   Overview of the proposed framework. 

The pedestrian algorithm under a moving camera is based on the tracking-by-

detection method in Chapter 3, which separately tracks pedestrians in a single moving 

camera. Once the pedestrians are successfully tracked in each moving camera, the profile 

of the tracked targets, including appearance features and motion cues, can be obtained. 

5.3 Tracking across Multiple Moving Cameras 

First, we describe the notations used in the proposed algorithm. Given N tracked 

targets in total by M moving cameras, the actual number of the distinct tracked 

pedestrians N’ should be smaller than or equal to the total number tracked in the cameras, 

i.e., 1' M
jjN N N  , where there are Nj targets tracked in the j

th
 moving camera, since one 

pedestrian can appear in more than one camera’s FOV. For the i
th

 tracked target, i = 

1,…,N, the target profile t
iO  at timestamp t is composed of its appearance model and 

motion model. For the j
th

 moving camera, j = 1,…,M, the camera profile t
jC  at t is 
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composed of calibrated camera parameters ( )t
jCP , GPS locations ( )t

jgps C , forwarding 

directions ( )t
jdir C , and a set of target profiles ( )t

jCO , which are specifically derived 

profiles for all the targets appearing in the j
th

 camera’s FOV. A tracklet il  is a set which 

has the i
th

 target profiles for all possible t. C× is a set of camera profiles, containing the 

predicted intersections of the specific target and the cameras’ FOVs at later tj. Finally, 

pmap is a prior of map topology which describes routing information. 

For each t (i.e., current timestamp), we check whether each tracked target is leaving 

the camera’s FOV or not. If the i
th

 target leaves the j
th

 camera’s FOV, implying the target 

either disappears forever or later enters into other cameras’ FOVs, we then apply three 

steps to determine its later locations. 1) Prediction: By utilizing pmap, we can predict when 

the i
th

 target intersects with the j
th

 camera’s FOV at later tj, as shown in Figure 5.2(a). 

These intersections in terms of camera profiles are put into C×. 2) Classification: Based on 

the appearance features and motion cues, we associate the leaving target t
iO  with every 

target which appears in the possible intersections (i.e., the elements of C×), as shown in 

Figure 5.2(b). 3) Interpolation: If the leaving target is determined to appear in some 

cameras’ FOVs, we uniformly interpolate the hypothesized target profiles into the tracklet 

of the associated target(s), as shown in Figure 5.2(c). More specifically, if the i
th

 target 

appears in the j
th

 camera’s FOV, we associate t
iO  with the targets in one or multiple 

cameras by a classification operation, according to the previous target profile 1t
iO  . If the 

target appears in multiple cameras simultaneously, we apply the Overlapping operation 

which bundle-adjusts the targets 3-D locations from multiple views, as shown in Figure 

5.2(d). Figure 5.3 shows an example of the proposed framework, where each row 

represents a tracklet and the horizontal axis is the time line. In the example, 4
1O  is 

classified to camera 1 and 3 at t = 4, so the overlapping operation  is applied to 4
1O  and 4

9O ; 

when t = 8, 8
2O  is predicted to appear in 10

2C  and 21
3C , i.e., 10 21

2 3{ , }C C C . When t = 10, 

there is no possible candidate for 8
2O . At t = 21, the targets in camera 3 are classified 
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based on 8
2O , and 21

8O  is regarded as a candidate. Hence, the hypothesized target profiles 

uniformly interpolated from 8
2O  to 21

8O  are inserted into l8. 

    

Figure 5.2:   Four operations in the proposed framework. (a) prediction: t
iO is predicted to appear in the 

camera 2 at t2 and the camera j and tj. (b) classification: only 8
jt

O is associated with t
iO . (c) interpolation: 

insert hypothesized target profiles (non-solid circles) from t
iO  to 8

jt
O along the route provided by pmap. (d) 

overlapping: If a target associate with targets in more than one camera’s FOV, we apply bundle adjustment 

to the targets. 

 

Figure 5.3:   An example of the proposed framework in case of M = 3 and N = 10 (N’ = 8 in this case), 

where each point is a target profile, l1 and l9 are identical, l2 and l8 are identical. The non-solid circles are 

the hypothesized target profiles 

5.3.a Prediction 

In the prediction, pmap is used to denote the topology information (i.e., routing path, 

transition time, and direction) with respect to GPS location. Based on pmap, a shortest 

route from one GPS location (gps1) to another (gps2) can be estimated, so that the 

transition time ts(gps1, gps2), and the forwarding direction of the route at gps1, denoted by 

2
1 2( | )mapdir gps gps  , can be obtained. In this paper, we adopt Google Maps service to 

generate pmap, by querying routing information between two GPS locations. 
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The goal of prediction is to find the possible intersections of the i
th

 target and the j
th

 

camera’s FOV in the near future. Given an t
iO , in order to locate an intersection with the 

j
th

 camera, we try to find a later timestamp tj, such that the transition time from ( )t
igps O  to 

the FOV of jt

jC , denoted by to, is similar to the transition time from the ( )t
jgps C  to the 

( )jt

jgps C , denoted by tc. Consider that ( , | )jt t
fovj igps C r O  is a GPS location which has the 

shortest route from ( )t
igps O  to jt

jC ’s FOV with the visible range rfov, then to and tc can be 

defined as 

 
 

( ), ( , | ) ,

( ), ( ) .

j

j

tt t
o s fovi j i

tt
c s j j

t t gps O gps C r O

t t gps C gps C










 (28) 

Moreover, the estimated target’s forwarding direction dir(•), as obtained from the results 

of single-camera-tracking, and the measured target’s forwarding direction dirmap(•), as 

obtained from pmap, should be consistent, as shown by the red-dotted line in Figure 5.2(a). 

This results in a constraint to the selection of jt

jC : 

  jt
o c tjC t t    C  

s.t.  ( ) ( ) | ( , | )jtt t t
map fov diri i j idir O dir gps O gps C r O   , 

(29) 

where τdir and τt are the thresholds to restrict the directions and transition time, 

respectively. 

5.3.b Classification 

A tracked target may appear in one or several cameras’ FOVs either at the same time 

or at subsequent timestamps. Without loss of generality, we assume the task is to 

associate one tracked target with the other at a (later) different timestamp. Therefore, we 

treat this scenario as a multi-label classification task. To measure the likelihood of the 

presence of the i
th

 previously tracked target in the j
th

 camera’s FOV at t, we calculate the 

association likelihood based on the targets’ appearance and motion information, 
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respectively. Given an t
iO  to be classified and a reference profile ref

iO , the association 

likelihood of the i
th

 target in the j
th

 camera’s FOV is defined as  

 , max ( , ) ( , ) | ( )reft t t t t t
app moi j i i jk k kO O O O O C   O , (30) 

where app  is the likelihood of the targets’ matching of appearance (see Section 5.4); mo  

is the likelihood of the i
th

 target appearing in the j
th

 camera’s FOV, and is defined as a 

Gaussian weighted function of the distance between two targets: 

 0,( , ) ( ) ( )mo
t t t t

mo i ik kO O G X O X O   , (31) 

where 0, ( )moG   is the a standard Gaussian function with μ = 0 and σ = σmo, ρ is a 

normalization value, and X(•) is the 3-D location of the assigned target profile. 

Thus, regarding each camera’s FOV as a class, we tend to classify the i
th

 target at 

each t, by formulating the problem as a Quadratic Boolean Problem (QBP): 

Tmax( ) ( )
t
i

t t t
i i i

v
v L v , 

11 1

1

t t
M

t
i

t t
MMM

l l

l l

 
 
 
 
 



L , (32) 

where t
iv  = [v1,…,vM]

T
 is a vector of indicator variables such that vj = 1 if the target 

appears in the j
th

 camera’s FOV, and vj = 0 otherwise. The diagonal elements of t
iL  are 

,
t
i p , as defined in Eq. (30), i.e., ,

t t
pp i pl  , denoting the association likelihood of the i

th
 

target appearing in the p
th

 camera’s FOV, while the rest of the elements are the 

association likelihood of the targets which correspond to the i
th

 target in the p
th

 and the q
th

 

cameras’ FOVs separately, i.e., , , ,t t t
pq i p i ql p q    ; η is the penalty for non-

correspondence of two targets. Such a problem can be solved by standard optimization 

methods [112]. 

In general, the dimension of t
iv  is M (the total number of the cameras). However, 

larger M may make t
iL  a sparse matrix, resulting in divergence of the problem and higher 
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computational cost. To lower the dimension of t
iv , we only select the cameras whose 3-D 

locations are within the visible range fovr :  

t
kC  s.t. 

2
( ) ( )t t

fovi kX O X C r  , (33) 

where X(•) is the 3-D locations of the specific profile. 

5.3.c Interpolation 

Once the prediction of the i
th

 tracked target intersecting with the j
th

 camera at a later 

timestamp tj is confirmed, we insert the hypothesized target profiles 't
iO into li, from t to tj. 

All 't
iO  are constructed by the appearance models of t

iO , and their 3-D locations (as well 

as GPS locations) are uniformly interpolated along the routes, as provided by Google 

Maps service. If the predicted target intersects with multiple cameras’ FOVs, then the 

disappeared (exited) target will later enter into two or more cameras’ FOVs at different tj. 

Therefore, multiple hypothesized tracklets are inserted into the corresponding li. 

5.3.d Overlapping 

If t
iO  appears in multiple cameras’ FOVs at t, we apply a standard bundle adjustment 

formulation to optimize the 3-D locations of the t
iO  in multiple cameras’ FOVs. The set 

of 3-D points and the corresponding 2-D points are used in the bundle adjustment [69] 

process to iteratively minimize the total reprojection error: 

 ,
( )

ˆ ( ) argmin ( ) ( | )
t t
i j

t t t t
proj i ji j i j

X O C

X O d C X O C ,x


 
C

P , 
(34) 

where xi,j is the observed 2-D location (i.e., middle of bottom of the pedestrian blob) 

corresponding to ( | )t t
i jX O C  from the j

th
 camera’s FOV, ( )t

jCP  is the projective matrix 

of the j
th

 camera at t, C* is a set of t
jC  which all include ( )t t

i jO CO  for all j, and dproj(•) 

is the distance measurement between the reprojected locations and the observed locations 

in the image. Such a nonlinear least-square problem is solved by the Levenberg-
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Marquardt algorithm. Figure 5.4 simply illustrates the idea of the bundle adjustment in 

the overlapping operation. 

 

Figure 5.4:   An illustration of the bundle adjustment in the overlapping operation, where the estimated 3-

D location will be optimized by minimizing the reprojection error. 

5.4 Pedestrian Association Likelihood 

In this section, we describe the details of ( , )app , i.e., the association likelihood of 

two targets according to their appearance features. The appearance features, such as color 

and texture, are commonly used to represent the targets. However, due to viewing 

perspectives and diversity of camera devices, a target’s color-channel image intensities 

extracted from one camera are normally different from those of the other camera. 

Therefore, the Brightness Transfer Function (BTF) [83] between two cameras must be 

applied before the feature matching. 

5.4.a Brightness Transfer Functions 

Generally, the BTFs can be estimated through overlapping FOVs of cameras. Our 

assumption is that the lighting conditions of cameras are roughly consistent within a short 

period of time in the same vicinity. Based on this assumption, we utilize “spatially” 

overlapping cameras’ FOVs, i.e., a camera’s FOV overlaps with the other cameras’ FOVs, 

but not necessarily simultaneously. To calculate the BTF between two cameras, we first 

group the camera views (i.e., video frames) by applying mean-shift clustering to the GPS 

locations of the cameras. If a cluster includes more than one camera, the cluster is 

1 1( ) ( | )t t t
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regarded as overlapping. Hence, for any two cameras within an overlapping cluster Gg, 

we can have a set ,p q
gF  containing pairs of ( t

pC , 't
qC ), where ( )t

pgps C  is the nearest 

location to '( )t
qgps C : 

  , ' '( , ) | min ( ), ( )p q t t t t
g p q p qphyC C d gps C gps C 

 
 

F , (35) 

where dphy(•) is the physical distance between two GPS locations. SIFT-feature matching 

is used to obtain all pairs of matching points, which are then used to estimate the BTF 

from the p
th

 camera to the q
th

 camera within the g
th

 cluster, denoted by 
,

p q
BT gf  . Based on 

the color histograms calculated by the matching points, we then apply the RANSAC 

algorithm to obtain the optimal 
,

p q
BT gf  . 

On the other hand, if there are no spatially overlapping cameras’ FOVs, we use an 

identity matrix as the BTF, i.e., 
,

p q
BT gf   I . This issue will be further discussed in Section 

5.5.d. 

5.4.b Appearance Features 

To evaluate the association likelihood of the pedestrians, the proposed framework 

adopts appearance (low-level) features. Many appearance features have been developed 

and have shown good performance in different applications. Color information is widely 

used and is considered to generate high-impact features in general cases ([75]–

[77],[80],[114]). Some approaches additionally consider shape ([80],[81]) and texture 

([77]–[79],[115],[116]), to improve the performance in case of large color variations. 

Recently, many patch-based/local features ([75]–[80]) have attracted much attention for 

the effective use of spatial information. From pedestrian images, lots of local patches are 

extracted to describe regional features, which have the advantage of invariance to 

misalignment, pose variation, and the change in viewpoint. 

Assume the appearance features of a pedestrian are Aκ, κ = 1,2,…,K, and the κ
th

 

appearance feature can be extracted from the object profile, which is first transformed by 



71 

 

the corresponding BTF, i.e.,  , ( )p q t
iBT gA f O

 , where
,

p q
BT gf  is the BTF from the p

th
 camera 

to the q
th

 camera and t
iO  is within the g

th
 cluster. If the g

th
 cluster is not overlapping (i.e., 

no overlapping FOVs are grouped), the BTF from the p
th

 camera to the q
th

 camera closest 

to the g
th

 cluster is selected. Hence, the association likelihood of the κ
th

 appearance 

features, denoted by , ( , ' )app A A   , is defined as the similarity between Aκ and 'A  . By 

taking multiple appearance features into account, a total likelihood for the feature 

matching is defined by the linear combination of the selected appearance features:  

               ,1 ,1 2 ,2app appKapp appw w w b         

                   app b  w l , 
(36) 

where w  consists of the weights for the appearance features and represents the 

impact factor of the corresponding features; app
l  is a vector of the association 

likelihoods; and b is the offset of hyperplane.  

By integrating some well-developed features, the proposed framework can take 

advantage of several appearance features’ properties, to achieve good performance when 

tracking across multiple moving cameras. However, some features are mutually 

complementary and some are correlated with each other. Hence, how to select useful 

features is quite important for the proposed framework. The appearance feature selection 

is discussed in Section 5.5.a. 

5.4.c Interior Training 

To determine the corresponding weights for the selected appearance features (i.e., w 

in Eq. (36)), a training stage is necessary. However, since the FOV dynamically changes 

when a camera is moving, there is no chance to label the ground truth of the 

corresponding targets. To solve this problem, we apply an interior training scheme to 

determine w. The idea is to label positive and negative training data sets within the target 

profiles, based on their spatial-temporal relationship. More specifically, two target 

profiles belonging to the same tracklet are labeled as positive because they have been 
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successively tracked in a single moving camera. In contrast, if two targets appear in one 

camera’s view simultaneously, these two target profiles can not be the same target, i.e., 

mo  is smaller than a threshold. Hence, these two target profiles are labeled as negative. 

Next, we use a standard linear Support Vector Machine (SVM) to obtain the w, to be 

used in Eq. (36). Finally, to represent the output of the SVM as a likelihood, we apply a 

sigmoid function to normalize app [113]. 

5.5 Experimental Results 

Several experiments are conducted to demonstrate the performance of our proposed 

framework. To the best of our knowledge, there is no public dataset specific for the case 

of multiple moving cameras based on driving recorders. Accordingly, we recorded videos 

and built test datasets ourselves. The configurations of the devices and datasets are shown 

in Table 5.1, and the recorded videos are pre-synchronized. To evaluate the tracking 

performance, we consider the following metrics which are widely used in the previous 

work [56], [63], [108]: 

 Most Tracked tracklets (MT): the number of tracklets that successfully tracked more 

than 80% of frames across all video sequences. 

 Partially Tracked tracklets (PT): the number of tracklets that successfully tracked 

between 20% and 80%. 

 Most Lost trajectories (ML): the number of tracklets that successfully tracked less 

than 20%. 

 FragMentation (FM): the number of times a tracklet is interrupted. Furthermore, we 

evaluate the FM in each single camera (sFM) and across multiple cameras (mFM), 

respectively. 

 ID Switches (IDS): the number of times two tracklets switch their IDs, in a single 

camera (sIDS) and across multiple cameras (mIDS). 
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Table 5.1:   Configurations of the Devices and Datasets 

Device Type Resolution fps 

1 PAPAGO P2 1280×720 30 

2 Pro V DV-2021 640×480 30 

3 DOD F500LHD 1280×720 30 

4 PAPAGO P2 1280×720 30 
 

Dataset Devices T  Detection rate (%) 
False Positive Per Image 

(FPPI) 

A 1,2 4015 64.78 0.244 

B 1,2 2042 79.33 0.127 

C 1,2,3,4 4169 75.11 0.103 

 

5.5.a Appearance Feature Selection 

The proposed framework can use multiple appearance features for calculating the 

pedestrian association likelihood. To select the proper appearance features, we tested 

many combinations of different appearance features to determine the most effective 

features for the proposed framework. We tested the selected appearance features with 

three datasets, and measured the performance in terms of average accuracy of the 

pedestrian matching. Moreover, since background subtraction cannot be applied in the 

moving camera scenarios, no explicit segmentation masks can be created; we thus created 

an ellipse bounding mask for each tracked target when calculating the appearance 

features. 

The features selected (shown in Table 5.2) include color information such as the 

weighted color histogram (WCH) and maximally stable color regions (MSCR) [114], 

texture information such as scale invariant feature transform (SIFT) [115] and local 

binary pattern (LBP) [116], and the patch-based/local descriptors such as recurrent high-

structured patches (RHSP) [75]. First, we select color information since it is widely used 

and is considered to be a high-impact feature. From Figure 5.5, the average accuracy of 

using WCH is 68%, and the accuracy of using MSCR is 66%; which implies color 

information performs sufficiently well for the matching in our scenarios. Then, we further 

add texture features by testing the selections no.3 (WCH+LBP) and no.4 (WCH+SIFT), 
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and the average accuracy increased to 80% and 79%, respectively. This implies that 

texture can further improve the matching performance when combined with the WCH. 

Next, we consider the patch-based features by testing the RHSP combined with the color 

and texture features. As shown in the figure, the average accuracy of using selection no.5 

(WCH+RHSP) is 72%. The accuracy of using selection no.7 (WCH+LBP+RHSP) is 77%, 

which is worse than that of using selection no.3 (WCH+LBP). This means that the RHSP 

cannot improve the matching performance in our scenarios. We also tested selection no.9 

(WCH+MSCR+RHSP), which is known as the symmetry-driven accumulation of local 

features (SDALF) [75]; however, the result (82%) is still not impressive. This is because 

such patch-based descriptors highly rely on accurate segmentations of the pedestrian 

blobs, which cannot be easily achieved in the moving cameras. Finally, we recall the 

MSCR, which contains both color information and regional description. As shown in the 

results, selection no.11 (WCH+MSCR+SIFT) can achieve average accuracy of 89% and 

selection no.12 (WCH+MSCR+LBP) can reach 93%; both can achieve much better 

performance than other selections. This means that global features (WCH and LBP) 

mainly contribute to the results, and regional features (MSCR and SIFT) are necessary to 

enhance the performance. Finally, to better understand the influence of segmentation 

performance, given the segmentations of the pedestrian blobs which are manually refined, 

we tested the selections which have RHSP. The results show that the performance of the 

RHSP has significant improvement when the manual segmentations are used. The 

average accuracy of selection no.6 (WCH+RHSP) is 83%, selection no.8 (WCH+LBP 

+RHSP) is 87%, and the SDALF is up to 94%. This demonstrates that the well-developed 

features can be applied to the proposed framework under proper configurations to obtain 

better performance. 

In summary, the selected features should include global features such as color and 

texture information. Moreover, regional features are also necessary for improvement of 

the tracking performance. The patch-based features can be taken into account if accurate 

segmentations of the pedestrians’ blobs are available. 
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Table 5.2:   Combinations of feature selections 

No. Feature Selections Segmentations 

1 WCH NO 

2 MSCR NO 

3 WCH+LBP NO 

4 WCH+SIFT NO 

5 WCH+RHSP NO 

6 WCH+RHSP YES 

7 WCH+LBP+RHSP NO 

8 WCH+LBP+RHSP YES 

9 WCH+MSCR+RHSP (SDALF) NO 

10 WCH+MSCR+RHSP (SDALF) YES 

11 WCH+MSCR+SIFT NO 

12 WCH+MSCR+LBP NO 

WCH: Weighted Color Histogram, MSCR: Maximally Stable Color Regions [114], LBP: Local Binary 

Pattern [116], SIFT: Scale-Invariant Feature Transform [115], RHSP: Recurrent High-Structured Patches 

[75], SDALF: Symmetry-Driven Accumulation of Local Features [75]. 

 
Figure 5.5:   Comparison of matching accuracy of different selections. 

5.5.b Tracking Results 

We test three datasets (A, B, and C), with different scenarios, to demonstrate the 

performance of the proposed method. In dataset A, a pedestrian in one camera’s FOV 

will leave for a while, and then enter into another (or the same) camera’s FOV. Figure 5.6 

shows that the pedestrians appearing in camera 1’s FOV will later appear in camera 3’s 

FOV. For example, pedestrian no.46 at t = 1128 in Figure 5.6(a) will appear at t = 2477 

in Figure 5.6(b). In dataset B, a pedestrian in one camera’s FOV, will also enter into 
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another camera’s FOV at the same time. As shown in Figure 5.7, pedestrian no.3, no.7, 

and no.18 appear in both camera 1’s and camera 3’s FOVs almost at the same time. In 

dataset C, we simultaneously recorded four videos with four driving recorders; this 

complicated scene includes all the scenarios mentioned in the previous section. For 

example, Figure 5.8(a) shows a 2-camera overlapping case, while Figure 5.8(b) shows a 

non-overlapping case. For single-camera-tracking in the proposed framework, we adopt 

the constrained 2-kernel based method in [108], and compare with the flow network 

based association method in [64]
3
. As for tracking across multiple cameras, we compare 

the proposed approach with the MvsM scheme, which is widely used for person re-

identification [74],[75]. 

The tracking results are shown in Table 5.3, where GT denotes the number of 

trajectories in the ground truth. The lower FM and IDS values represent the better ability 

to track pedestrians successively. From the table, the methods with C2K perform better 

than those with FN, even with different feature selections (no.10, no.11, and no.12 in our 

experiments). This implies that better single-camera-tracking methods provide better 

tracking results for the multiple-cameras-tracking framework. Next, we compare the 

proposed approach with MvsM scheme, based on several feature selections. As shown in 

the results, the proposed approach has lower mFM and mIDS than MvsM by using 

feature selections no.10 and no.12. This is because MvsM identifies the pedestrians by 

only considering appearance features, but the proposed method further utilizes the 

relative 3-D locations predicted by the map prior. Moreover, with the same feature 

selections, the results of the proposed approach are better than that of MvsM. This 

indicates that the proposed approach can improve the performance by adopting well-

developed features. These results clearly show favorable performance of the proposed 

framework, not only in overlapping and non-overlapping scenarios, but also in 

complicatedly mixed scenarios. 

                                                 

3
 available: http://people.csail.mit.edu/hpirsiav/ 

http://people.csail.mit.edu/hpirsiav/
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(a) 

 

 
(b) 

Figure 5.6:   Visual tracking results in Dataset A, where the top rows are the recorded frames, and bottom 

rows are the corresponding 3-D visualization. (a) Frames from device 1 at t = 1128 (left), t = 2154 (middle), 

and t = 2984 (right). (b) Frames from device 3, at t = 2477 (left), t = 2977 (middle), and t = 3266 (right). 

 

 
(a) 
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(b) 

Figure 5.7:   Visual tracking results in Dataset B, where the top rows are the recorded frames, and bottom 

rows are the corresponding 3-D visualization. (a) Frames from device 1 at t = 89 (left), t = 1070 (middle), 

and t = 1497 (right). (b) Frames from device 3, at t = 662 (left), t = 1220, and t = 1497 (right). 

 

 
(a) 

 

 
(b) 
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Figure 5.8 (previous page):   Visual tracking results in Dataset C, where the top rows are the recorded 

frames, and bottom rows are the corresponding 3-D visualization. (a) Non-overlapping case, tracking from 

device 1 at t = 348 (left), followed by device 3 at t = 846 (middle), and device 4 at t = 3231 (right). (b) 

Overlapping case, tracking from device 3 at t = 902 (left), and device 1’s view (middle) overlapped with 

device 3 (right), both at t = 1175. 

Table 5.3:   Comparison of the Tracking Results 

Dataset A 

Single Multiple Features GT MT PT ML sFM sIDS mFM mIDS 

FN Proposed no.11 71 27 13 2 16 3 7 5 

FN Proposed no.12 71 27 13 2 16 3 7 5 

FN Proposed no.10 71 27 13 2 16 3 5 3 

C2K Proposed no.11 71 34 8 4 9 1 6 3 

C2K MvsM no.9 71 34 8 4 9 1 7 9 

C2K Proposed no.12 71 34 8 4 9 1 5 2 

C2K MvsM no.12 71 34 8 4 9 1 7 6 

C2K Proposed no.10 71 34 8 4 9 1 3 2 

C2K MvsM no.10 71 34 8 4 9 1 5 4 
 

Dataset B 

Single Multiple Features GT MT PT ML sFM sIDS mFM mIDS 

FN Proposed no.11 12 12 9 1 1 1 3 2 

FN Proposed no.12 12 12 9 1 1 1 2 2 

FN Proposed no.10 12 12 9 1 1 1 1 2 

C2K Proposed no.11 12 10 1 0 1 0 2 2 

C2K MvsM no.9 12 10 1 0 1 0 2 3 

C2K Proposed no.12 12 10 1 0 1 0 1 0 

C2K MvsM no.12 12 10 1 0 1 0 2 3 

C2K Proposed no.10 12 10 1 0 1 0 1 0 

C2K MvsM no.10 12 10 1 0 1 0 2 2 
 

Dataset C 

Single Multiple Features GT MT PT ML sFM sIDS mFM mIDS 

FN Proposed no.11 43 23 12 6 4 2 8 5 

FN Proposed no.12 43 23 12 6 4 2 7 5 

FN Proposed no.10 43 23 12 6 4 2 3 4 

C2K Proposed no.11 43 27 10 4 0 0 4 1 

C2K MvsM no.9 43 27 10 4 0 0 4 13 

C2K Proposed no.12 43 27 10 4 0 0 1 1 

C2K MvsM no.12 43 27 10 4 0 0 4 6 

C2K Proposed no.10 43 27 10 4 0 0 1 0 

C2K MvsM no.10 43 27 10 4 0 0 4 6 

FN: flow network based [64], C2K: constrained 2-kernel based [108], GT: ground 

truth, MT: Most Tracked trajectories, PT: Partially Tracked trajectories, ML: Most 

Tracked trajectories, sFM: FragMentation in single moving camera, sIDS: ID 

Switches in single moving camera, mFM: FragMentation in multiple moving cameras, 

mIDS: ID Switches in multiple moving cameras. 
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Based on their relative 3-D (GPS) locations, we create a 3-D visualization of the 

dynamic scene, so as to observe what happens to the roads/streets from different aspects, 

as shown in Figures 5.6‒5.8. The 3-D real-world environment is built upon Google Earth, 

where the pedestrians are replaced by an avatar-like 3-D human model, and the vehicles 

equipped with cameras are also represented by the default 3-D vehicle models. The 

videos associated with the simulations and the demo of the 3-D visualization can be 

viewed in our website
4
. 

5.5.c Impact of σmo 

The parameter σmo in Eq. (31) plays an important role in our proposed framework, 

since it not only determines the valid range of the cameras’ FOVs, but also filters out the 

targets whose locations are improper. Figure 5.9 shows the results of mFM and mIDS 

versus different σmo in terms of meters. As we can observe, mFM and mIDS become 

larger when σmo is larger. This is because a larger σmo relaxes the restriction provided by 

the motion cues, resulting in more failure of the pedestrians’ association, as well as mFM. 

In this case, the scenario is similar to the MvsM; that is, the association only considers 

appearance features without taking into account the motion cues (obtained from pmap, i.e., 

open map service), resulting in a typical re-identification task. However, if σmo is smaller, 

mFM becomes larger since the restriction to a pedestrian’s presence is too strong to 

preserve the candidates. This implies that the performance is highly improved when the 

motion cues are adequately incorporated. Hence, we empirically choose σmo = 15 in our 

experiments. 

5.5.d Discussion and Limitations 

In the proposed framework, the BTF is calculated by using spatially overlapping 

FOVs, as shown in Figure 5.10(a). If there is no spatially overlapping FOV, as with 

FOV1 and FOV2 in Figure 5.10(b), we use an identity matrix for the BTF, and expect 

                                                 

4
 website: http://allison.ee.washington.edu/kuanhuilee/mmcv 

http://allison.ee.washington.edu/kuanhuilee/mmcv
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degraded performance. However, thanks to the mobility of the moving cameras, there is 

still an opportunity to estimate the BTF between two non-overlapped cameras’ FOVs. As 

shown in Figure 5.10(b), if FOV1 overlaps with FOV3 in the region B, and FOV3 

overlaps with FOV2 in the region C, we can estimate the BTF between FOV1 and FOV2 

via FOV3. In the future, we intend to build BTF connectivity between all the collected 

videos, so that we can explore the relationship between the cameras, and further estimate 

the BTFs with the connectivity. 

Furthermore, the proposed framework can be scaled up to larger systems with larger 

numbers of moving cameras. Each local region within a time section can be regarded as a 

processing unit, and the proposed framework is adopted in the unit. Eventually, 

facilitated by the cloud computing, all the units can be processed in parallel, so as to 

efficiently construct larger and wider mobile surveillance. 

 

Figure 5.9:   Results of mFM and mIDS with different σmo. 

 
                              (a)                                                           (b) 

Figure 5.10:   Examples of spatially overlapping FOVs. (a) FOV1 and FOV2 are spatially overlapping in 

the region A at different timestamp. (b) FOV1 and FOV2 are non-overlapping; but FOV1 and FOV3 are 

spatially overlapping in the region B, FOV2 and FOV3 are spatially overlapping in the region C. 
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Figure 5.11:   3-D visualization of the scene recorded by four driving recorders. Each row belongs to one 

driving recorder; the leftmost is the video frames, the middle is the corresponding view of 3-D visualization 

on Google Earth, and the right is the scene visualized from a different aspect. 
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Chapter 6 – Conclusion and Future Work 

6.1 Conclusion 

In this dissertation, we propose an automatic system which dynamically tracks video 

objects (human and vehicle) and creates their 3-D visualization from big visual data. The 

system includes human/vehicle tracking under a single static camera, human tracking in 

single moving camera, and human tracking across multiple moving cameras. 

In static camera tracking, our proposed work is mainly based on the constrained 

multiple-kernel tracking framework. For human tracking under a single static camera, a 

pre-trained human detector is additionally applied to solve initial merging issues. 

Moreover, a self-organized system that tracks human across the cameras with 

nonoverlapping views is proposed by utilizing information from Google Maps, so as to 

be scaled up efficiently when more cameras are added into the network. For vehicle 

tracking, our proposed approach regards each patch of the 3-D vehicle model as a kernel, 

and track the kernels under certain constraints facilitated with the 3-D geometry of the 

vehicle model. By elegant application of constrained multiple-kernel tracking facilitated 

with the 3-D vehicle model, the vehicles are able to be tracked efficiently and located 

precisely. 

For the case of tracking under a single moving camera, a robust human tracking 

system in a moving camera is proposed. The proposed system effectively integrates the 

human detectors and V-SLAM framework to relocate the humans in 3-D space, followed 

by an innovative 3-D based CMK tracking, which not only locally associates the targets 

but also globally optimizes the associations according to the 3-D information. A novel 

tracking framework, combining CMK tracking and the estimated 3-D information is 

proposed to globally optimize the data association between consecutive frames. By taking 

advantage of the appearance model and 3-D information, the proposed system not only 

achieves high effectiveness but also handles occlusion in the tracking. 
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Finally, based on the results of tracking under a single moving camera, we propose a 

new framework for tracking pedestrians across multiple moving cameras, by treating the 

problem as multi-label classification at each timestamp. Based on the appearance and 

motion cues, facilitated by the Google Maps, the proposed framework evaluates the 

association likelihood of the targets, so as to associate with the targets across the multiple 

moving cameras. Moreover, based on their relative 3-D locations, a 3-D visualization of 

dynamic scene can be reconstructed for users to see a holistic view or different viewing 

perspectives of the 3-D scenes reconstructed by the multiple videos. 

6.2 Future Work 

In this dissertation, the video object tracking under different scenarios are proposed 

and developed, including human/vehicle tracking under a single static camera, human 

tracking under a single moving camera, and human tracking across multiple moving 

cameras. However, the proposed approaches still have limitations as discussed in 

Section3.4.d-vi, Section 4.3.d, and Section 5.5.d.  

One extension to this work is to explore the feature connectivity within the 

surveillance mobile network. As discussed in Section 5.5.d, the BTF is calculated by 

using spatially overlapping FOVs; if there is no spatially overlapping FOV, we only can 

apply identity matrix to the BTF, and expect degraded performance. By utilizing possible 

spatially overlapping FOVs within the mobile network, a graph called Brightness Feature 

Transfer Connectivity (BFTC) can be built to describe the cameras’ connectivity. Each 

camera is regarded as one node, if two cameras have spatially overlapping FOVs, an edge 

is assigned to connect two nodes. Therefore, to find the BTF between two cameras, we 

tend to find a shortest path between two corresponding nodes within the graph. Once the 

shortest path is determined, the BTF between two cameras can be obtained by iteratively 

mapping BTFs one by one, along the shortest path. 

In addition, our work starts from an ideal and small scaled mobile surveillance 

network, proposing an innovative framework to track objects within the network. In the 

future, the work can be extended to a large scaled application when the mobile 
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surveillance network is scaled up to larger systems with larger amounts of moving 

cameras. This also involves many applications in other area, such as video transmission 

and communication [117]−[128]. Each local region within a time section can be regarded 

as a processing unit, and the proposed framework is adopted in the unit. Eventually, 

facilitated by the cloud computing, all the units can be processed in parallel, so as to 

efficiently construct larger and wider mobile surveillance.  
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 Appendix 

A. Orthogonality of Cx to Ax , Bx  

In [8], the fact that Ax  and Bx  are orthogonal to each other is proved. The following 

proves Cx  is orthogonal to both Ax  and Bx : 
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Thus, the Bx  and the Cx  are orthogonal to each other. 
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Therefore, the Ax  and the Cx  are orthogonal to each other. 
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