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Abstract

This thesis presents a real-time coarse-to-fine human gait tracking system based on a cas-
caded particle filter using a single RGB-D sensor. The tracking system is a combination of
two different layers which explores how the information between the two sensing modalities
can be chained to distribute and share the implicit knowledge associated with the tracking
environment. In the first layer, the RGB information is exploited for tracking the coarse
body shape, when the prior estimate of the state of the object is distributed based on
the hierarchical sampling. For the second layer, the segmented output is used for tracking
marked feature points of interest in the depth image. Two approaches, spin image, and
geodesic distance, for associating a measure of the estimates are used in this phase. The
thesis exhibits the overall implementation of the proposed method combined with a series
of experimental analysis.

Keywords: Cascaded Particle Filter; Color-based Tracking; Importance Sampling; Depth-
based Tracking; Spin Image; Geodesic Distance
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Chapter 1

Introduction

People tracking is one of the most interesting and challenging problems in sensor networks
and the implementation of visual tracking systems is especially problematic. In this chapter,
Section 1.1 begins by describing the motivation for human tracking using single or multiple
cameras. The relevant literature is reviewed in Section 1.2 and an integrated framework for
people tracking using a single RGB-D sensor is then proposed in Section 1.3. In Section
1.4, the organization of this thesis and its contributions are highlighted.

1.1 Motivation

The tracking of human motion is playing an increasingly important role in computer vision.
Interest in the area has been motivated by the desire to improve human and machine
interactions. The subject area is especially challenging because of the need to rapidly extract
human body information from changing scenarios in the natural environment. Methods that
allow machines to interact with human-inhabited environments quickly and intelligently
could be used in a large number of potential applications (see Table 1.1).

The first significant area is virtual reality. Typical applications in this domain include
games like Wii and Xbox, virtual studios, motion capture for characters in movies and
teleconferencing. Tracking devices are one of the principle components of a virtual reality
system. To recover poses of human beings in a virtual space, one must segment the human
body in the physical space in a sequence of video frames. For example, in a traditional
markless tracking method, the object can be tracked by continuously searching and com-
paring the image to predefined 3D models. A more diverse form of interaction may also
contain gestures, head poses, and variations in facial expression.

Another important application domain is surveillance. One of the basic tasks in these
systems would be motion capture and automatic alarm. One or more objects can be tracked
and certain actions need to be monitored. In some applications, the meaning of the person’s
action needs to be determined rather than just signaling the presence of a human. For
example, in a parking area, applications may need to figure out suspicious activity like
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General domain Specification
Virtual reality Games

3D Animation
Interactive virtual world

Surveillance Parking lot
Traffic
Supermarket

Motion analysis Diagnostics of orthopaedic patients
Help athletes understand and improve their performance
Indexing of sports video

Advanced user interface Body language translation
Control remotely located implement
Communication in noised scenario such as factories

Table 1.1: Applications of visual tracking technology.

walking around while repeatedly looking into cars. This technique is also needed in other
surveillance systems such as in supermarkets, ATMs, and vending machines. Another kind
of system could check whether or not a human is present, to control access. Face recognition
and human tracking could make use of multiple cameras for combined applications.

Applications for motion analysis are also based on tracking technologies. These tech-
nologies are often used in clinical studies to help patients do rehabilitation exercises in their
medical treatment. Furthermore, the technologies may also be used in content-based in-
dexing of sports video footage. The system would observe the skills of an athlete and then
provide suggestions for improvement.

The fourth application area is concerned with the advanced user interface. Visual track-
ing can be used for speech recognition or for understanding body language. By tracking
facial micro-expressions, the technology can help to identify whether or not a person is going
to initiate a dialogue. Moreover, natural language such as body language can be important
in the advanced user interface. While tracking different gestures and postures, cues can be
obtained for identifying the meaning. Finally, visual tracking can also be useful to make
phonemes less ambiguous, as in lip reading applications.

Although a large number of tracking applications and classical methods are available, the
technologies are still the focus of much research. The problem is challenging for several rea-
sons: 1) the real-world environment is unpredictable; 2) unexpected or sudden changes can
take place in the tracking background, leading to tracking errors; 3) sensor-based tracking
systems are affected by variations in illumination, shadows, viewpoint, or rates of move-
ment; 4) similarities between the background and the object can produce ambiguities in the
tracking results; and 5) in people tracking, the results are subject to the variation of the
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target’s appearance. Intrinsic appearance variabilities include pose variation and shape de-
formation of the target, whereas extrinsic variabilities can include light change, and partial
or full object occlusion, which will cause large appearance variation. Robust and discrimi-
native features are required to solve these problems. Moreover, real-time processing should
also be considered to achieve a balance between effectiveness and efficiency. Here, robust
feature refers to the ability to tolerate perturbations that might affect the accuracy of the
result.

In addition, advancement in recent years in sensing technology area allows development
of simultaneous tracking algorithm from multiple data sources. This motivates us to exploit
the potential of cascading color and depth data together to implement a coarse-to-fine
tracking system. In our proposed framework, the color-based layer is set as the first layer
and then the second layer uses the depth data. The reason for this structure arises from
the properties of the two different features. The color-based feature has many advantages
in human tracking, especially for tracking coarse body region. First of all, the color-based
feature is unique to the tracking target. Secondly, the color distribution of an object is
robust against object deformation, transformation, size variation (zoom in/out) and partial
occlusion. Moreover, it is independent of image resolution and fast to process. These
reasons made us include the color data source to construct the first layer, which aims at
tracking the coarse body region and serving as a foundation for further analysis. Meanwhile,
the color-based feature also owns some drawbacks for people tracking, e.g., it is sensitive
to illumination and brightness variation. These shortcomings motivate us to build the
second layer using another type of data source, which can not only complement the result
of the first layer but also generate more detailed tracking results. Compared with color-
based features, the depth-based feature has its own strengths. It is robust against the
environmental factors such as illumination variation. Moreover, the depth-based feature
can be less time-consuming in terms of computational cost. Hence the second layer that
incorporates depth data source is incorporated in the proposed system. The combined two
layers complement each other to build the overall RGB-D coarse-to-fine tracking framework.

The tracking system proposed in this thesis is originally designed for human tracking.
However, it can also be used to various other tracking applications, i.e., animals, cars,
aircraft, etc. Moreover, the framework could also serve as a preliminary study for more
sophisticated multiple target tracking system.

1.2 Related Work

In this section, relevant works from the literature are reviewed from two aspects: people
tracking using various types of sensor systems, and visual tracking approaches. Tracking by
different sensor systems refers to related tracking systems that use different numbers and
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types of sensors. Visual tracking approaches focus on different features and frameworks to
track moving targets in video sequences.

1.2.1 Deterministic and Stochastic Approaches to Visual Tracking

In general, people tracking systems are used to determine states of moving people through
image sequences. More precisely, the tracking system assigns consistent position labels to
the tracked people in different frames of a video. In addition, the tracking system can
also provide information about the object, such as orientation, size or shape, depending
on the tracking method. Numerous approaches for people tracking have been proposed to
solve increasingly complex and diverse tracking problems. These approaches can be roughly
classified as either the detection-based method (deterministic approach) or the sampling-
based method (stochastic approach).

The deterministic approach usually provides results by processing the information given
from the bottom-up. It implements tracking by iteratively seeking a region in an image
that has the maximum similarity with a given template. The mean-shift algorithm is a
typical deterministic method [29]. In a tracking scenario, a human can be defined as an
object of interest for further analysis. Objects in the tracking system can be represented
by their shapes and appearances. Some human shape representations are commonly used
for tracking, such as points, geometric shapes, silhouettes and contours, articulated models,
and skeletal models:

Points: In a tracking system, people can be represented by a point in the body centroid
[141] or by a group of points on body extremities [125]. Point representation is suitable for
tracking people who occupy fewer pixels in an image or tracking positions of certain body
parts.

Geometric shapes: The human shape can be represented by certain geometric shapes,
such as rectangles, triangles, or ellipses [25]. During tracking, human motion can be modeled
as translation, rotation, or zoom, based on these representations.

Contours and silhouettes: Contour and silhouette representations are applicable for
tracking complex object shapes [153] such as non-rigid targets, where the contour is defined
by the boundary of a human and the silhouette represents the area inside the contour. In
general, contour and silhouette tracking are suitable for tracking single, non-rigid shapes.
The main drawback is that silhouette extraction becomes unreliable when facing complex
backgrounds, occlusion, or moving cameras [1].

Articulated model and skeleton model: Since the human body is essentially an object
with high degrees of freedom, it can be represented as an articulated model consisting of
connected body parts; e.g., head, torso, hands, legs, and feet. These constituent body
parts can be modeled as cylinders or ellipses to represent an articulated object [128]. In
addition, human motion can be tracked by fitting a stick skeleton model to the human
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upper body [65]. The main drawback for such systems is the high computational cost due
to the enormous searching space for the highly articulated structures.

In addition, numerous methods can be used to represent the appearance of tracked
objects. For example, estimating the probability density of a human appearance may use
Gaussian [160], or a mixture of Gaussian [103], and nonparametric (histogram) [29] ap-
proaches.

In contrast to the deterministic approach, stochastic methods use statistical models
such as Kalman filters or particle filters for object tracking [139]. These models execute
prediction and updating repetitively. The object is tracked by estimating the probability
distribution and maintaining multiple hypotheses in the state space. Thus, the computa-
tional complexity of this algorithm is usually much higher due to the matrix operation and
the number of hypotheses. The system is described by a state space model and the state
space is predicted from the system model or estimated by observation. In general, these
approaches consist of two main stages: the predicting stage and the updating stage. Every
sample is first propagated according to the system model and then corrected with respect
to the observation results.

The Kalman filter (KF) is widely used to provide a recursive solution to the linear
optimal filtering problem [31]. It is optimal if the initial posterior and the observation
density is Gaussian, and the process model is linear. Nevertheless, real-world tracking
problems rarely meet these conditions. The posterior, filtering and prediction distributions
are usually non-Gaussian, and are often multi-modal. This is due to the various human
motions that are often non-linear and the environment that tends to be cluttered and
occluded. Thus, the extended Kalman filter (EKF) and the unscented Kalman filter (UKF)
[49] are often used to allow for small occlusions and to model complex movements of objects.
Nevertheless, they are limited to handle only the non-linear process model. They cannot
model multi-modal posterior density functions. Critical limitations still exist in real-world
problems, such as ambiguity, so that a better representation of the filtering distribution is
necessary. Particle filters (PF) are therefore being used and have been shown to be powerful
and reliable tools for tracking non-linear systems [87] .

The filter methods usually work in cooperation with feature-based detection or motion
analysis. Most of the features are manually selected by the user during the initialization
stage. The features should be selected to be unique so that distinguishing the human in the
background is possible. Various features can be used in the tracking, such as color, which
is widely used. A variety of color spaces have been used for histogram-based appearance
representations, such as the RGB color space [29], and the HSV (hue, saturation, value)
color mode. Although popular, many of the color features are sensitive to background noise
and illumination variations [130]. Thus, in complex environments, other kinds of features
may be combined to model the object.

5



The boundary of the object is another commonly used feature that identifies rapid
changes in image intensities. Compared to the color features, contour-based tracking is more
robust against illumination variation and similar color distributions in the background. One
of the most popular edge detection approaches is the Canny Edge Detector [22].

Unlike previous approaches, optical flow is another commonly used feature in motion-
based tracking for understanding the meaning associated with the motion. Optical flow
uses the distribution of apparent velocities of movement for brightness patterns in a frame
[55]. It is calculated with a brightness constraint, and thus assumes that the brightness
associated with corresponding pixels remains constant in a series of frames.

In recent years, other visual tracking approaches have been exploring depth features.
One obvious advantage of adopting depth data in tracking is that the target can be extracted
from the background. Compared to previous methods and features, depth discontinuities
are robust against illumination variation and shadows. Stereo can be used to track the
head [117], using a model-fitting approach. Disparity maps have also been used for gesture
recognition to identify pointing postures. Harsh et al. [42] proposed approaches for blob
tracking that are based on real-time depth data. As indicated above, feature selection
plays a critical role in human tracking. Unlike the above mentioned methods, the cascaded
particle filter proposed in this thesis uses a combination of color and depth features to
achieve efficient and effective people tracking with the single RGB-D sensor.

1.2.2 Configuration of the Sensor System for Tracking

A suitable sensor or sensor network is crucial for people tracking systems. To achieve robust
tracking, a large number of systems with different numbers and types of sensors have been
proposed. According to the types and numbers of sensors, we can classify the previous work
for tracking into four categories: 1) algorithms using RGB data only, 2) algorithms based
on depth data, 3) algorithms fusing both camera signals, and 4) algorithm based on other
types of sensor networks.

The first category of people tracking involves RGB sensors. In past decades, many
researchers have proposed frameworks for tracking humans in image sequences from a single
camera view. As mentioned previously, the features selected for tracking can vary from
points to other complex geometric shapes. For example, Polana and Nelson [111] used
a rectangle box to bound the walking human and then tracked the centroid of it. Their
approach could track two subjects who were occluded from each other if and only if the
velocities of the two targets were different. Their proposed method had an advantage of
simplicity, though for greater robustness, it would have to be combined with other kinds
of features. While Cai et al. [20] proposed tracking whole body movements using a single
camera, they only considered a single target and a single camera, as opposed to [111].

A clear disadvantage in tracking people using a single RGB sensor is that the monitored
area is small because of the limited view from a single sensor. Thus, other methods used

6



multiple RGB sensors at different locations to increase the view of the monitored area. In
addition, tracking from multiple perspectives prevents the results from ambiguities when
targets are occluded from a single viewpoint. When multiple sensors are combined in a
network, a 3D representation can be created from the silhouettes that are extracted in
each of the separate views. Two commonly used methods are volume intersection [13] and
the voxel-based approach [88]. Cai and Aggarwal [19] presented a framework for tracking
single human motion using a coarse 2D model in an indoor environment. They used a
bounding box to describe the segmented object in a system equipped with three cameras.
The advantage of this approach is its relatively low computational cost considering its
complex framework. Nevertheless, the method has a drawback in that the robustness of the
result is based heavily on the accuracy of the body segmentation. Sato et al. [121] proposed
a system that used various distributed RGB cameras that can track the positions of several
moving objects. Similarly, Kelly et al. [88] introduced voxel feature that represents a value
on a regular grid in 3D space, to track moving humans as a collection of the voxels from
the best angle of the multiple RGB camera system.

In past decades, while a majority of researchers have focused on designing more com-
plicated frameworks using multiple RGB sensors, others have been seeking other kinds of
representation that can achieve better visualizations. Among them, a type of system was
developed that uses depth sensors to identify and track people. Compared to a 2D intensity
image, the depth image is robust against variations in color, illumination, rotation angle,
and scale. Earlier, stereo cameras were used by researchers to detect postures or to imple-
ment tracking system; for example, [34], [35], [152]. Later, some researchers began using
time-of-flight (TOF) range cameras. Salih et al. [43] proposed an algorithm using single
depth sensor to track the head of a person sitting in front of the camera. Bevilacqua et al.
[7] was first to develop a multiple people tracking system based on a TOF depth sensor.
Their tracking algorithm worked at the blob level that considers the centroid of each object
to infer the current position. Nevertheless, the accuracy of the tracking result must rely
on several assumptions, such as the people cannot overlap and the people should enter into
the scene separately. An improved technique was proposed by Hansen et al. [47], where an
algorithm was used to track a single person with a TOF sensor. A background model was
constructed by combining the RGB and depth information. An expectation maximization
algorithm was designed for tracking clusters of moving pixels that could be extracted from
the background model. Their model, however, did not distinguish between object types
(i.e., humans, cars, etc.), which increased the number of errors. The work proposed by
[3] improved the foreground segmentation by using graph-cut methods and a single depth
sensor. The method enabled the segmentation and tracking of people when the intensity-
based information provided insufficient discrimination capabilities. Generally, a tracking
method that is only based on the depth image, regardless of the kind of sensors being used,
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is likely to fail when the target has a depth that is similar to that of the background or
when occlusions occur.

With the release of the low-cost 3D sensors, the acquisition of RGB-D data has become
applicable. Two different types of RGB-D sensor technologies are available: structured
light sensors and TOF sensors. The first type of RGB-D sensor projects consider an active
pattern and acquire the depth image by analyzing the deformation of the pattern [127].
As a typical example of a structured light sensor, the Microsoft Kinect sensor version I
was released in 2010. At the same time, the TOF RGB-D sensor measures the time that
light has been in flight to calculate the depth distance. The Kinect sensor version II, which
was released in 2013, is a widely used TOF sensor. With improvements in RGB-D sensor
technology, the investigation of tracking algorithms based on RGB-D data has received
much attention in recent years. The Microsoft Kinect sensor [95] can capture RGB and
depth information simultaneously with a relatively good resolution and acceptable frame
rate. Since its depth measurement is relatively poor when the distance is greater than four
meters, this technology less applicable for outdoor use. Nevertheless, it provides a very rich
source of information in indoor scenarios.

Han et al. [46] presented a human detection and tracking system for a smart environ-
ment application that contained a single RGB-D sensor. Humans can be segmented from
the background using depth images and features are then extracted from RGB frames to
implement the tracking system. The researchers’ system represented the tracked human
as a bounding box, which was then divided into different body parts such as head, torso,
and legs, according to the color and texture histogram. In another paper [83], the authors
combined a generic person detector with an online learned person detector and a multi-
hypotheses tracker (MHT), to estimate the motion state of multiple people in a 3D image.
Their system consisted of three, vertically mounted Kinect sensors on a static platform,
from where the sequences were acquired. Nevertheless, the computational cost information
was not given in their work. Munaro et al. [94] presented an algorithm for multiple people
tracking from static or mobile platforms equipped with an RGB-D Kinect sensor. Each
person was represented by a 3D bounding box and the position of the ROI was tracked
in successive frames with state-of- the-art frame rate and without the help of GPU accel-
eration. Choi et al. [27] proposed a system with one fixed Kinect sensor to track people
over time based on the assumption that the initial location of the target was available. The
upper body of target person was represented by an ellipse and the cues contained human
upper-body shape, human face, human skin, and human motion. Their algorithm could
only achieve around five frames per second with the help of GPU acceleration.

Other researchers have attempted to use another kind of RGB-D sensor. For example,
Samsung created a CMOS sensor capable of simultaneous color and range image capture
[67]. In [118], two different kinds of particle filters, using color and depth information
individually, were used to track targets. The approach; however, was not applicable to real-
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time tracking due to the large computational cost. More precisely, while the accuracy can be
improved by fusing together the intensity and depth information, the fusing process involves
heavy processing time and additional difficulties for meeting the real-time requirements.

1.2.3 Literature Review of the Tracking Problem using a Cascaded Frame-
work

This section reviews previous work in the area of visual tracking that involves a cascaded
framework. As the human tracking problem in a real-world scenario is complicated and
varied, some researchers have used combinations of features to deal with the challenges
(i.e., cluttered environments and posture variation). Cascaded features can complement
each other when implementing a robust tracking framework. The most similar cascaded
framework was proposed in [77], as a series of observation models in combination, where
each is statistically learned from online or off-line samples. In their work, features were
combined by a cascaded particle filter that consisted of multiple stages of importance sam-
pling (importance sampling is defined in Section 2.1). This tracking approach showed an
improvement in accuracy, compared to that of existing tracking methods, under the condi-
tion of low frame-rate data. In addition, the multi-observation model was constructed for
the same image space to alleviate loss of information. While the method offered promising
results for face tracking, the off-line learning procedure was practically infeasible.

In [151], a visual tracking algorithm was proposed based on a hierarchical particle filter.
The tracking object was characterized using a cascade of features including color and edge
orientation histograms. Color features suffer from the disadvantage that they may perform
poorly if the background presents confusing colors. Thus, the edge orientation feature was
combined with the color feature for the sake of simplicity, efficiency, and generalizability.
The authors also performed experiments in various scenarios, and involving different tasks,
such as single and multiple object tracking. Nevertheless, the orientation of their object was
fixed during tracking and the updating of the image model was not taken into consideration.

In [68], Yoshinori et al. proposed a method for 3D human head tracking based on the
particle filter framework. It used Ada Boost-based cascaded classifiers for hypotheses eval-
uation. Multiple cascaded classifiers were first trained to detect one direction of a human
head and they were then used adaptively. The improved reliability for the likelihood calcu-
lation was demonstrated in their experimental results. Their method focus on addressing
the issue of tracking the position of head. In their experiments, the initial position of the
human head was given manually and their method could only be used for tracking a single
target.

Park et al. [104] presented a real-time 3D pointing gesture recognition algorithm for
mobile robots, based on a cascade hidden Markov model (HMM) and a particle filter. In
their proposed method, a 3D particle filter was used for hand tracking and the cascade
scheme of two HMMs was used to estimate the point direction. The first HMM map from
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the previous stage of hand position estimation was used for a more accurate position that
included finger pointing. The second HMM discriminated the pointing gesture. A premise
for this method was that pointing gestures must be recognized regardless of scale, which
refers to large pointing gestures performed with full arm extension and small pointing
gestures that are reduced to forearm and hand movements only.

In [142] a cascaded structure of classifiers was used, with the early rejection of negative
samples for a low computational cost. The method was focused on tracking 3D hand
motions from one or more views. The 3D hand model was constructed from truncated cones,
cylinders, and ellipsoids, which were used to generate contours. The method framework
used a feature-based cascaded classifier to substantially reduce the processing time while
achieving an accuracy that was at par with the much slower and more complex single
classifier.

In this thesis, a cascaded framework is proposed for object tracking. Unlike the above
mentioned methods, this cascaded particle filter is constructed with two different features
by exploiting the property of the RGB-D sensor, which can acquire the data streams si-
multaneously. At each level, the characteristics of the feature are fully utilized for the
coarse-to-fine tracking scheme.

1.2.4 Visual Tracking Approaches for Multiple Targets

People tracking can also be classified into two different categories based on the number of
the target being tracked, i.e., single target and multiple targets. In the past decades, some
approaches have been explored the multiple target tracking. Compared with single target
tracking, one of the most important challenges needs to be overcome is the partially or fully
occlusion among different people, or between people and the environment. While other
common challenges including appearance variation of people over time in different cameras,
and missing detections in certain cameras. In the following, various solutions related to one
or more of these problems in multiple target tracking is discussed.

Among various methods proposed to address this issue, some works tend to solve this
issue using a single camera. This kind of approaches is also classified as monocular approach-
es. While the other researchers used multiple cameras, which is also known as multi-view
approaches. One of the advantages of monocular approaches is that the deployment is easy
and simple. However, it has the shortcoming that the view is single and limited to get the
full 3D information. There are a great number of literature aimed at tracking multiple tar-
gets with a single camera. Among them, the blob-based tracking method is one of the most
efficient and widely used methods in people tracking, where blobs are used to represent the
target that is being tracked in successive frames. In [59], a multiple-person tracking system
suitable for single-camera real-time surveillance applications is implemented with a multi-
blob tracker which generates the multi-blob likelihood function that assigns likelihoods to
hypotheses containing different numbers of objects. However, the tracking performance
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downgrades when facing the situation that when multiple targets are fused into one blob
due to occlusion. Hence some other approaches attempt to include more object informa-
tion such as shape, position, and appearance. For example, in [157], articulated ellipsoids
are used to model human shape, color histograms are used to model the different appear-
ance of targets, and an augmented Gaussian distribution is used to model the background.
For the method using the Bayesian framework, in [102] a tracking framework combined
the strengths of two algorithms: mixture particle filters and AdaBoost is proposed. The
performance of this combined framework has fewer failures than any algorithms on its own.

Most of these methods aim at solving partial observation problem, which makes it
difficult to apply them to the situation with full occlusions. Moreover, most methods
assume that the motions are small and consistent between successive frames hence it can
be predicted after short periods of occlusions. However, problems arise when dealing with
challenges of occlusions exist in the long period of time or more unpredictable motion
patterns. In a word, since single viewpoint has more difficulties in observing the hidden
areas, the monocular method is limited when dealing with occlusion issue in multiple target
tracking.

Compared with the monocular method, the multi-view tracking approach is able to
acquire a better 3D information about the targets and the environment, by exploiting
information from different viewpoints. In the past decades, the multiple target tracking
using multi-view sensor system has been proposed in a series of papers. Among them, the
Bayesian tracking framework was also used in several papers. In [37], a distributed, real-time
computing platform consists of multiple calibrated cameras for tracking multiple interacting
people is proposed. To overcome the occlusion issue, the 2D features are independently used
in tracking of each view and then be integrated using a Bayesian network in the multi-view
implementation. For example, [57] proposed a principal axis-based method for tracking
and matching people across multiple cameras. Their method has a desirable property that
camera calibration is not needed. Moreover, when people are partially occluded, the position
of the people in the camera system can still be located based on the fused data acquired
from correspondence results. A method based on a multiple camera system for tracking
people in a dense crowd is proposed in [38]. Making use of the multiple camera system
including overlapping fields of view enables robust tracking of people’s head in the highly
crowded scene. Their experimental results show that it can generate good performance in
tracking up to 21 people walking in an indoor scenario, despite the persistent occlusions.

1.2.5 Literature review of the Related Tracking Methods

In recent years, some works utilized kernelized correlation filter (KCF) based trackers to
implement tracking system with high speed. Kernel-based trackers are ranked top in terms
of performance [137]. In [12], Bolme et al. proposed a new type of correlation filter,
named Minimum Output Sum of Squared Error (MOSSE) filter. As shown in this paper,
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a tracker based MOSSE filters is robust to variations in lighting, scale, pose, and non-
rigid deformations. In [51] and [52], Henriques et al. proposed a KCF tracker using the
circulant structure produced by a base sample. The tracker can achieve good performance
while operating at hundreds of frame per second. Moreover as shown in [147], compared
to other trackers, the KCF used a single kernel and enabled fast learning with fast Fourier
transforms instead of costly matrix operation, providing the highest tracking speed. In
[137], a multi-kernel correlation filter (MKCF) based tracker is presented which make use
of the invariance-discriminative power spectrums of various features to further improve the
performance.

The Kinect sensor used in our experimental evaluation also provided its own set of
tracking algorithms (SDK). Nevertheless, the user tracking algorithm implemented with
the body depth and body index frame was solely designed for Microsoft X-box games
and can only work effectively under certain circumstance with pre-defined assumptions.
For examples, the target person should be in a standing posture facing the sensor in the
beginning. In addition, the person’s body limbs should be away from the trunk and not
interact with other objects. These limitations affect the estimating of the tracked positions
of a person in a cluttered environment when the person is walking across the camera view.

With the improvement in human detection methods, the tracking problem can be refor-
mulated as a tracking-by-detection problem such as [146], [15] and the Microsoft Kinect SDK
user tracking program named KinectBodyIndex. Both tracking-by-detection and detection-
by-tracking (e.g. the tracking method proposed in this thesis) are challenging problems
especially in real-world scenarios for multiple target tracking. The comparison between
these two methods can be viewed as detection of people in individual frames versus people
tracking using data-association between successive frames or prior knowledge given from
previous frames. More precisely, people detection methods based on human detectors have
been shown to be able to locate the people in general scenarios, however, it still remains
certain errors and false positives frequently [1]. In addition, the observation and identifica-
tion of particular people have remained challenging as well. Meanwhile, tracking methods
can find particular people in video sequences, even in real-world scenarios and more com-
plex environment such as crowded street scenes, although there are challenges remained in
clutter environment which needs to be improved.

Benefit from the improvement of machine learning methods in the recent years, tech-
niques such as neural network has been used in people tracking as well. In some papers,
neural networks for tracking with online training framework has been attempted and also
showing the state-of-the-art performance such as [33] [71] [97] [74] [144]. It is worth noting
that since the neural network is slow to train, the tracker will also be slow at the test time
using online training. Among them, the frame rate of the results using proposed tracker
vary from 0.8 FPS [74] to 15 FPS [144]. Among them, the best performance generated with
around 1 FPS on single GPU [33] [71] [97]. The resulting frame rate is not very suitable for
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the need of the majority of real-time tracking applications. Hence some researchers tend
to use offline training to improve the frame rate. For example, in [50], a method for offline
training of neural networks that can track objects at around 100 FPS is proposed. Their
tracker learns the relationship between object motion and appearance and can also be used
to track objects that do not appear in the training set.

Thanks to the advancement in deep learning, which is a sub-area in the neural network
consist of a class of machine learning algorithms that uses a cascade of multiple layers of
non-linear processing units for feature extraction and transformation [36]. In [97], a visual
tracking algorithm based on the representations from a discriminatingly trained Convolu-
tional Neural Network (CNN) is presented. The novelty in their framework is Multi-Domain
Network (MDNet), which learn the shared representation of objects from multiple video se-
quences for tracking where each video is regarded as a separate domain. The evaluation
experiments conducted on two datasets and run at around 1 FPS. Lijun et al. [143] proposed
an approach for general object tracking using fully convolutional networks pre-trained on
image classification task. According to their experimental results, it can generate tracking
results runs at 3 fps. Moreover, in [150], Hongyang et al. combined motion information
together with the CNN classifier to implement a probabilistic tracking algorithm. Their
algorithm runs at an average of 10 fps with both CPU and GPU included.

1.3 System Overview

This thesis proposes a cascaded particle filter method consisting of two different layers [81]:
color-based particle filtering for 2D position tracking and 3D depth-based particle filtering
for tracking the extremities of the body within the bounding volume obtained from the
2D position obtained in the first layer. The overall structure of the cascaded particle filter
algorithm is shown in Figure 1.1.
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Figure 1.1: A schematic diagram of the structure of the proposed particle filter implemen-
tation.
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1.4 Contributions and Layout of the Thesis

This thesis presents a cascaded particle filter framework to achieve a coarse-to-fine tracking
with RGB and depth sensors. The proposed two-layer system can track both the coarse
human body in the RGB images and points of extremity on the body surface in the depth
images. This thesis contributes to the research area in the following ways:

• A layer of the color-based particle filter and a layer of the depth-based particle filter
are combined to implement the levels-of-detail tracking framework. The color and
depth information from the two sensors are chained to distribute and share the im-
plicit knowledge for tracking. A series of experimental studies have also explored the
implementation of the proposed method.

• A hierarchical sampling method is proposed in the color-based tracking layer, where
the notion of importance sampling is exploited and the physical motion constraints
are taken into account. In this layer, the prior estimate of the state of the object
is distributed based on the novel expected motion constraints associated with move-
ments. The tracked human body is represented by a bounding box that is used as a
coarse level of detail to represent the location and spatial range of the movement.

• A depth-based particle filter for point of extremity tracking is presented in the depth-
based tracking layer. At the beginning of this layer, a series of pre-processing steps are
conducted to segment the foreground from the result of the color-based tracking layer.
The pre-processing stage consists of data filtering, foreground segmentation, point
cloud transformation, and surface mesh generation. As a result, the surface mesh of
the extracted human body is constructed and each pixel in the ROI is identified as
whether or not it belongs to the tracked human body.

• Two metrics are presented to associate weights for the distribution of particles of the
tracked featured points in the DPF layer. One feature used to weigh the samples is
the spin image, which can transform the information of points on the 3D object into
a 2D image. The other feature is the geodesic distance that calculates the shortest
path between two vertices along the surface mesh.

This thesis is organized as follows: Chapter 2 introduce the background information about
the tools used in the thesis, such as the particle filter, color histogram, depth segmentation,
spin image, geodesic distance, and the experimental set-up. In Chapter 3, the color-based
particle filter for human body tracking is described. A series of experiments and analyses
are presented and discussed. In addition, a hierarchical method of importance sampling is
described. The depth-based particle filter using two different feature metrics is discussed
in Chapter 4. The DPF is implemented using spin image and geodesic distance to weigh
the set of samples during the tracking process. Chapter 5 presents the cascaded particle
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filter framework with a single RGB-D sensor. Chapter 6 presents the conclusion and future
work.
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Chapter 2

Background Material

The high interest in using cameras to track people indoors has led to improvements and
development of the technology. This chapter presents descriptions of some of the main
computational tools which were utilized in this thesis. This chapter is organized as follows:
Section 2.1 is an overview of prior studies on the stochastic tracking problem using the
cascaded framework. Section 2.2 presents enhanced hierarchical sample distribution meth-
ods for a 1D example. The features used in color-based tracking and the color histogram
establishment is described in Section 2.3, and the depth segmentation method is introduced
in Section 2.4. Then, in Section 2.5, an overview of geodesic distance and mesh generation
algorithm is given. Finally, the experimental set-up for hardware and the software settings
is described in Section 2.6.

2.1 Particle Filter

Particle Filter [101, 93] is a robust tracking method for a noisy and cluttered environment.
In the field of computer vision, especially for the people tracking problem, robustness is
defined as the ability to cope with disturbance and noise during execution [41]. In addition,
a cluttered and noisy environment [6] arises for various reasons, such as similarity between
objects, a cluttered background, occlusions, changes in illumination, etc. Thus, it becomes
difficult to distinguish the true target from fake targets in the target-detecting process. Par-
ticle filters are the most flexibly implemented part of sequential Bayesian filtering. Bayesian
filtering refers to the Bayesian way of formulating optimal filtering, which is a class of meth-
ods that can be used for estimating the state of a time-varying system indirectly observed
through noisy measurements [120]. More details of the Bayesian filtering method are shown
in Appendix A. We start this section by describing the non-linear tracking problem and its
optimal Bayesian solution. The term optimal in this case refers to statistical optimality.
Since the Bayesian optimal filters are generally computationally intractable, many kinds of
numerical approximation methods have been developed, such as Particle Filter(PF), which
is also known as Sequential Monte Carlo methods.
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The PF algorithm is shown to be especially good at tracking problem in real-world
scenarios. In computer vision, most of tracking problem don’t fit nicely into a linear and
Gaussian model, hence the posterior distributions are also non-Gaussian and multi-modal.
A multi-modal probability distribution is a distribution which has more than one peak which
is called as mode. There are various reasons for this phenomenon. First of all, the image
observations are often non-linear because of the non-linearity of the perspective projection.
Besides, the observation noise which need to be dealt with can also be non-Gaussian, such
as outliers, complex appearance changes of the target, and detection failures. Moreover, the
temporal dynamics of tracking object are often non-linear, especially for the human motion.
Last but not the least, the background are often cluttered and noisy, in which many areas
may have similar appearance to some parts of the target being tracked. Classical approaches,
such as The Kalman filter (KF) which computes the posterior distribution for linear and
Gaussian systems, fail in this situation. Approximate versions of the Kalman Filter, such
as Extended Kalman Filter (EKF) and Unscented Kalman Filter (UKF), were proposed
to derive for non-linear dynamics. However, it is shown that these methods works well
for mildly non-linear systems, where the true posterior distribution is uni-modal (just one
peak) and symmetric [44]. In contrast, particle filter is an approximation technique which
can estimate non-linear and non-Gaussian distributions in tracking problems.

In general particle filtering, the state of a system is defined as a collection of dynamic
variables of various tracking features described by their position, velocity, orientation, and
angular velocity, which can describe the system [120]. To define the tracking problem, we
need to consider the evolution of the state of a target xt as:

xt = f(xt−1, vt−1) (2.1)

where f(·) is a possible non-linear function of the state xt−1; here, the non-linear function
means a function in which the output is not directly proportional to the input. xt−1 is the
state sequence and vt−1 is the noise sequence. In Bayesian tracking theory, the noise in
the measurements represents the uncertain proportion of the state. Even if we know the
true system state, the measurements would not be deterministic functions of the state, but
would have a distribution of possible values. This is why a sequence of noise is needed to be
included to model the uncertainty. The goal of tracking is to recursively estimate xt from
the measurement:

zt = ht(xt, nt) (2.2)

where ht is a possible non-linear function, and nt is a noise sequence. Thus, the measure
is a function of the current state and noise sequence. In particular, we seek filtered estimates
of xt based on the set of all available measurement z1:t = {zi, i = 1, ...t} up to time t. From
a Bayesian viewpoint, the people tracking problem is to recursively calculate the accuracy of
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the state xt at time t, taking different values, given the data z1:t up to time t. As a result of
this, it is required to calculate the likelihood function and the posterior Probability Density
Function (PDF) p(xt|z1:t). In probability theory, a Probability Density Function (PDF), or
density of a continuous random variable, is a function that describes the relative likelihood
for this random variable to take on a given value [105]. Moreover, in Bayesian statistics,
the posterior probability of an uncertain proposition is the conditional probability that is
assigned after the relevant evidence or background is taken into account. More precisely, in
particle filtering the posterior distribution is represented by a set of N random samples with
associated weights. The posterior distribution is used to compute the Monte Carlo(MC)
estimates. As the number of samples becomes very large, the MC representation becomes
an equivalent characterization of the analytical description of the posterior distribution.
We assumed that the initial PDF, which is known as the prior is available. Afterwards,
the PDF p(xt|z1:t) can be updated recursively through two stages which are prediction and
update.

In prediction stage, suppose that the PDF p(x−1|z1:t−1) where z1:t−1 = {zi, i = 1, ...t−1}
up to time t− 1, the prediction stage use the system model (2.1) to acquire the prior PDF
of the state at next time t though Chapman-Kolmogorov equation [60]:

p(xt|z1:t−1) =
∫
p(xt|xt−1)p(xt−1|z1:t−1)dxt−1 (2.3)

Equation (2.3) uses the fact that p(xt|xt−1, z1:t−1) = p(xt|xt−1) as Equation (2.1) de-
scribes a Markov process. Markov process is a stochastic process with the property that
its future behaviour cannot be accurately predicted only by its past behaviour (except the
current or present behaviour), and which involves random chance or probability. The prob-
abilistic model of the state evolution p(xt|xt−1) is defined by the system equation (2.1) and
the known statistics of vt−1.

In update stage at time t, the measurement zt is used to update the prior through Bayes’
theorem (More details on Bayes’ theorem can be found in Appendix A):

p(xt|z1:t) = p(zt|xt)p(xt|z1:t−1)
p(zt|z1:t−1) (2.4)

where the normalized constant:

p(xt|z1:t−1) =
∫
p(zt|xt)p(xt|z1:t−1)dxt (2.5)

depends on the likelihood function p(zt|xt) defined by Equation(2.2) and the known statistics
of of nt. In this update stage, the measurement zt is used to modify the prior density to
obtain the required posterior of the current state. The recurrence relations (2.3) and (2.5)
constitute the basis of the optimal Bayesian solution for tracking problem.
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Particle Filter, which is also known as Sequential Monte Carlo (SMC) method, is one
of the implementations of sequential Bayesian filtering. Here, sequential means that the
posterior is estimated in a sequential manner and Monte Carlo(MC) means that the pos-
terior is the approximation of the integral of the PDF. Sequential Importance Sampling
(SIS)-based particle filtering is a classic implementation of the particle filtering algorithms.
Figure 2.1 illustrates the concept of the SIS process, which implements a recursive Bayesian
filter by MC simulations. The traditional SIS method represents the required posterior
density function by a set of random samples with associated weights. The estimation at
each time state is also calculated based on these samples and weights. As the number of
total samples increases to a relatively large size, the MC description becomes an equivalen-
t description for the functional characterization of the posterior PDF, thus achieving the
optimal Bayesian estimation.

Figure 2.1: Illustration of sequential importance sampling (SIS). The top row of blue circles
indicates a set of samples that has already been updated through the previous time instance.
At the beginning of the next time instance, the set of samples is transited based on the
system dynamic model, represented by the middle part of the figure. After that, the samples
are weighted again according to their current state as shown in the lower part of the figure.
Subsequently, some samples have relatively large weights, which are represented by the blue
circles with larger radius, while some samples have smaller weights. This sampling stage is
iterated in each time instance during the whole tracking process.

Nevertheless, some limitations are present such as the degeneracy problem in the SIS
method. After a few iterations, most particles have very small and negligible weights,
and most weights are concentrated on a few particles. Thus, the degeneracy phenomenon
cannot be avoided and the density estimation becomes inaccurate. To reduce the effects
of degeneracy, re-sampling can be used whenever a significant degeneracy is observed. The
basic idea of re-sampling is to eliminate particles that have small weights and to concentrate
on particles with large weights. Thus, a modified version of the SIS method is derived by
appropriately choosing the importance sampling density and modifying the re-sampling
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step. This kind of particle filter, which is also known as sequential importance re-sampling
(SIR), is used as the basis for our tracking framework (Figure 2.2).

Figure 2.2: Illustration of sequential importance re-sampling (SIR). Similar to the illustra-
tion for SIS, the top line of blue circles indicates the set-up samples. Compared to SIS, in
SIR, an additional stage is named re-sampling. After the re-sampling stage, most particles
are concentrated at the position of the particles that have bigger weights. Thus, after the
transition stage and observation stage, more of the particles have bigger weights, as shown
at the bottom part of the figure. Compared to SIS, after several iterations, fewer particles
would have small and negligible weights.

The basic idea of Particle Filter is to represent the posterior density by a set of "hy-
pothesis". Each hypothesis is designed to represent one possible state the system might be
in. These hypothesis are represented by a set S consist of a certain number N of weighted
random samples:

S = {(si, wi)|n = 1, 2, 3...N} (2.6)

Here si is the state vector of ith particle and wi is its associated importance weight.
The weight is a normalized and non-zero value. The samples set is used to represent the
posterior probability distribution as:

p(x) =
N∑
i=1

(wi · δsi (x)) (2.7)

Here δsi is a Dirac delta function, which is a function that becomes infinitely large at
a certain point, e.g., a point where δ(p) = ∞ and that it is zero elsewhere. In probability
theory and statistics, the Dirac delta function is used to represent a discrete distribution
using a probability density function, which is normally used to represent fully continuous
distributions. A set S of samples can be used to approximate arbitrary distributions in-
cluding Gaussian and other non-Gaussian distributions. One of the biggest advantages of
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Particle Filter is the ability to describe distributions by a set of samples. The Kalman filter,
for example, is restricted to Gaussian distributions. In Particle Filter, the estimate of the
current state vector Mt, E(Mt), is computed based on these samples and weights. The
system dynamic model is defined as:

Mt = Ft(Mt−1, nt−1) (2.8)

where Mt is the current state vector, Ft is a possible non-linear function of the state
vector at the previous time instance Mt−1, and nt−1 is the noise sequence. The set of
samples is propagated based on the system dynamic model:

sit = Ft(sit−1, nt−1) (2.9)

Each sample in the set is weighed by the normalized probability:

wit = p(zt|Mt = sit), (
N∑
i=1

wit = 1) (2.10)

where zt is the observation at time t. Thus the estimated state vector at time t is:

E(Mt) =
N∑
i=1

wits
i
t (2.11)

Whenever we are interested in estimating the state [120] of tracking an object over time,
we can use particle filter. It allows us to recursively estimate St based on the estimation
result St−1 of the previous time state. SIR particle filter can be summarized by the following
main steps:

1. Sampling: The next generation St is calculated based on St−1. This step is also
called drawing from the proposal distribution, or sampling. In this step, the set of samples
are relocated based on the system dynamic model and their previous state, to obtain the
current generation of particles. In our implementation described in Chapter 3, the system
dynamic model is an auto-regressive model. An auto-regressive model is a model where
the value from a time series is regressed on previous values from that same time series.
Moreover, a time series is a sequence of measurements of the same variable(s) made over
time.

2. Importance Weighting: An importance weight is computed for each sample in St

based on a pre-defined metric in the method; e.g., similarities between color, contour,
appearance, or depth-based models (More details can be found in Chapter 2 and 3).

3. Re-sampling: N samples are drawn from the set St (refer to the re-sampling stage
mentioned in this section). After determining the importance weights, which account for the
fact that the target distribution is different from the proposal distribution, the re-sampling
step replaces particles with a low weight by particles with a high importance weight. Thus,
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the likelihood of drawing a particle is proportional to its weight. The next set of samples
St+1 is also given by the drawn particles from St recursively.

The aim of our work is to track a target in the image plane. The shape of this region
is a prior through the initial definition. The target area can be represented by geometric
shapes defined by people for tracking, such as rectangles and ellipses. There is no specific
restrictions are used for the types of shapes that can be used. More complex hand-drawn
or learned regions can be used if relevant. In our case we are using a geometrical shape
to describe the ROI in the image where the object is located. On the other hand, one
can also define other features associated directly on the object as a tracking state, e.g.,
the point of interest defined in Chapter 4. In the first layer of our tracking framework,
we use a self-adaptive rectangular box, in which the parameters of the transformation are
estimated in each RGB frame. This rectangle bounding box is the region of interest (ROI)
in color-based particle filter tracking, and is defined as the samples within a dataset that
is identified for a particular purpose, such as the target of tracking [109]. Besides color-
based Particle Filter used in this thesis, there exist other kind of Particle Filter such as
Kernel Particle Filter(KPF). In image processing area, a kernel, which is also called as a
convolution matrix, or a mask is a small matrix which is used for blurring, edge detection
and more such operations. The KPF invokes kernels to form a continuous estimate of the
posterior density function. In KPF, the set of particles are allocated based on the gradient
information estimated from the kernel density density estimate of the posterior PDF.

2.2 1D Example of Hierarchical Sample Distribution

In this section, a series of images (Figure 2.3) illustrate the hierarchical sampling in particle
filter based tracking to determine the position of an aircraft in a one-dimensional (1D)
example. For clarity, the overall particle filter updating stage is separated into two identical
steps: step one for aircraft movement and step two for monitoring the movement. It is
supposed that the aircraft is given a radar altitude, so it knows the given measured distance
to the ground but does not know its actual position.

Figure 2.3 (a) shows the initialization stage. Since we do not know the actual position
of the aircraft, we simply place the set of samples, indicating a series of hypotheses, all
over the image. These particles are generated from a random distribution. At the initial
stage, each sample is assigned the same weight (as shown in Figure 2.3 (a)), hence all of
the bars having the same height. Our prior information is the given measured distance to
the ground, with some uncertainty from the sensor noise.

As we know the elevation of the aircraft, the next step is to calculate the weight of
each generated particle. Given the measured flight elevation and the distance to the ground
of each particle, the likelihood p(z|x) is shown in the upper part of Figure 2.3 (b). In
the figure, the likelihood is calculated for the set of samples in the sample set. In our case,
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observation data z includes the observed flight elevation. In addition x is that the estimated
position of the aircraft represented by the particle. The posterior probability is proportional
to the likelihood multiplied by an positive constant k. In other words, p(x|z) = k × p(z|x).
To represent the probability quantitatively, a weight is assigned to each particle, which is
proportional to its probability and then normalized. As a result, the updated sample set
is shown in the lower part of Figure 2.3 (b). The particles once had the same state, but
now, their importance factor is proportional to their probability. As seen in this figure,
some particles appear to be more likely than others. To avoid degeneracy problem of the
particles that end up to a majority of unlikely particles, a re-sampling step is introduced.
New samples are generated based on the existing particles according to their importance
weights. After re-sampling, since all particles are re-generated, they all have equal weights.

In the next time instance as the aircraft moves on, the particles are moved according to
the estimated aircraft dynamic model. As the direction and the movement of the aircraft
can be known from the previous time state, we can approximate how fast the aircraft can
move. So, for each particle, a random number with the likely range of speed of the aircraft
is picked, and then each particle is moved with the corresponding approximated speed to
the right. This step contains a hierarchical sampling idea for sample propagation that
uses prior knowledge obtained from the previous time state. More precisely, the previous
velocity as well as the direction of movement can be used as prior knowledge to distribute
the particles. Since the incremental velocity and direction of the aircraft can be estimated
through the movement, it can also be used to enhance the prior distribution of particles;
i.e., in the expected direction of movement. In other words, after determining the direction
of motion for the previous time instance, an increased proportion of the total number of
particles can be generated along this direction. This approach for sampling can result in a
practical guideline since the probability of a target moving incrementally along a direction
is much higher than sporadic movements in some other direction. The resulting example
particle set is shown in Figure 2.3 (c), where the particle distribution differs from its original
particle set as most of the samples are gathered around the mountain peak locations. The
concentration of particles is also the result of the re-sampling step mentioned above.

Subsequently, the aircraft continues flying and in this time, senses a rather smaller
distance; e.g., on top of the third mountain. This leads to the likelihood function p(z|x)
shown in the upper part of Figure 2.3(d). By calculating the importance factors with
respect to this likelihood, the computed particle set obtained is shown in Figure 2.3(d). At
the re-sampling step, in the next aircraft motion, the posterior probability density function
measured by the set of samples is consistent with the true position of the aircraft as shown
in Figure 2.3(e).
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Figure 2.3: One-dimensional illustration of hierarchical sampling in particle filter-based
tracking. The black geometric shape represents an aircraft and the white arrow indicates its
direction. (a) A set of samples is represented by black line segments, generated randomly.
Thus, the initial weights are evenly assigned to them. (b) These weights are updated
according to the calculation of likelihood. The importance sampling of particles in the next
time instance t+1 are also updated based on their weights. (c), (d), and (e) demonstrate
another PF estimation at another two time instances. Over time, the set of samples becomes
more concentrated in the region where the aircraft is likely to be.
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2.3 Features used in PF Tracking and Establishment of the
Color Histogram

This section presents the concept of the color model and histogram, which is used to assign
weights to each sample in the color-based PF tracking of the proposed framework. The
purpose of this section is to give an introduction to the establishment of an RGB histogram,
which is the key step for associating a measure (weight) for the distribution of the estimates
(particles) in the PF tracking framework. Fully understanding and using the properties of
a color histogram is the basis of color-based tracking methods.

The most significant step in designing an efficient and robust tracking method is deter-
mining the likelihood function p(z|x) since it will directly influence the whole performance
in terms of both time and accuracy. RGB-based features proposed by authors [14, 80, 28]
have been proven to be universal and robust with modest computational costs. In color-
based particle filtering tracking methods, we can use various features such as contour, color
histogram, and appearance models for defining the state of the object that we would like
to track. Among these, the color histogram is widely used, which is robust against object
deformation. Nevertheless, it still suffers from illumination changing scenarios. In addition,
it can also be ambiguous when the background has a color distribution that is similar to
the foreground objects. Moreover, the computational cost is large when the tracking area
defined by ROI is large or when the number of particles is large.

The contour-based methods are robust against illumination changing but their compu-
tational costs are not negligible in real-time implementations. Among the different methods
that use the contour-based feature for particle filter tracking, B-spline representation has
been widely used. Blake et al. [10] proposed the B-spline representation for contours of
objects and used particle filter that treat the affine group parameters as the state vector,
to learn a prior dynamical model for them and to estimate them from noisy observations.
The details of using a B-spline representation to weigh samples can be found in Appendix
B. Another commonly used representation for weighing a contour-based feature is the level
set, where the contour is represented as the zero level set of a higher dimensional function,
usually the signed distance function [40] [126].

While contour is the cue used to weigh samples in many tracking algorithms, another
type of sample weighing approach uses an appearance model At which is based on infor-
mation derived from the image intensity [45][61][128]. For example in [45], the appearance
model At at time t is defined as At = {Wt, St, Lt} where W -component characterizing the
two-frame variations,the S-component depicting the stable structure within all past observa-
tions, and the L-component accounting for outliers such as occluded pixel. For appearance
model based methods, the most commonly used form of observation equation is defined as
[159]:
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Zt = T{Yt : θt} = At + Vt (2.12)

where At is the appearance model and Zt is the region of interest (ROI) in the video
frame Yt, parametrized by θt. A fix template, At = A0 which is used to match with
observations to minimize the cost function in the form of sum of squared distance (SSD)
was proposed in [45]. In this method, the noise Vt is assumed to be a normal random vector
with zero mean and a diagonal covariance matrix. In contrast, a rapidly changing model
was used in [128], represented as At = Ẑt, namely the patch of interest in the previous
frame. Compared to the fixed template, which cannot handle the appearance changes
during the tracking process, a rapidly changing model is better at dealing with appearance
variations, though it is susceptible to drift. An improvement was made recently, when
a mixture appearance model [61] was proposed, consisting of a slow-varying appearance
component, a fast-changing appearance component, and an occlusion component. When
using the appearance model for tracking, samples are weighed by comparing the warped
image with the online appearance model using the observation equation wit = p{Yt|θit}.

Methods that use color-based features to weigh samples in particle filtering can be
roughly classified into two different categories: methods using a color histogram [29] [56]
and methods using a mixture of Gaussians (MoG) [64] [66]. The color histogram is the
measurement we used to weigh samples in our work and it is discussed in the following.
The color-based tracking methods introduced by Bradski (CamShift in [14]), Comaniciu et
al. [28] , and modified later by Chen et al. [80] are based on using a fixed-shape rectangle
whose color distribution best matches the reference color histogram. Meanwhile, Stauffer
and Grimson [131] presented the idea of representing each pixel by a mixture of Gaussians
(MoG) and updating each pixel with new Gaussians during run-time. The MoG model can
be applied in RGB color space, but also in other color spaces such as the Hue-Saturation-
Value (HSV) color space (see [72] for an overview). When using a color histogram for sample
weighing, the Bhattacharyya distance is normally used to compare the similarity between
two different color histograms. Meanwhile, MoG representations are normally compared
using the Mahalanobis distance, which can be evaluated efficiently using only one Gaussian
[64] and assuming independence between color channels [30]. In addition, according to
McKenna et al. [85], MoG is preferred with small sample sets and many possible colors,
whereas a color histogram is preferred when many color samples are present in a coarsely
quantified color space.

In our method, the color model of the tracked person with the geometrically define ROI
is represented by a color histogram and used as a reference to weigh samples in the particle
filter methods. The histogram is established based on the color distribution within the
bounding box area of the tracked person. The color histogram can be built from any kind
of color space, though the term is most often used for three-dimensional spaces like RGB
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or HSV. In this thesis, the color histogram is created from the HSV color space [58], to
decouple chromatic information from shading effects. More details of establishing a color
histogram and the software implementation are included in Appendix C.

2.4 Depth Segmentation

In traditional tracking methods, foreground segmentation is usually achieved by processing
the R, G and B chromatic components. However, one of the disadvantages is that the result
is very sensitive to illumination variation and similar color distribution in the background.
Thus an additional data source, in our case the depth information, is combined with color
information in order to segment the object. At the beginning of depth-based tracking
method, it is possible to perform some pre-processing stages in the raw data to extract the
human body for further analysis. Pre-processing is accomplished by object retrieving inside
tracking area. With the help of accurate depth segmentation, the performance and time
efficiency of the second-layer particle filter can also be improved.

Two different approaches have been attempted in this work to achieve foreground seg-
mentation. One of the approaches is aligning two different depth frames provided by the
data source, called body index frame and depth frame. Depth frame is a frame in which
each pixel refers to the distance of the closet object detected by that sensor. The data in
each pixel is stored as a 16-bit unsigned integer and contains the distance information in
millimetres. Body index frame is a data source provide in official Microsoft Kinect libraries
which can be used to identify those pixels within human body region in a depth frame.

In the this method of background subtraction, we first extract the corresponding bound-
ing box tracking area inside the depth frame. Then, inside this area, pixel information
provided by the body index frame is used to discard those pixels that belong to the back-
ground. Then, the remaining pixels that form the human body are stored and displayed.
As Figure 2.4 shows, further processing stages can be performed only to these pixels, thus
reducing the computational costs. More details about these used SDK components can be
found in Appendix D.

Since the body index frame is designed using a key idea that is similar to the tracking
algorithm provided by Microsoft SDK, it has the same limitations as described in the Section
1.2. This motivated us to design our own foreground segmentation method to extract the
human body out of the background more naturally and robustly. More details of our object
segmentation method are described in Chapter 4.

2.5 Geodesic Distance and Mesh Generation

Recent technological advances have led to the development of novel depth sensors such
as Time-of-Flight (ToF) cameras which can provide dense and three dimensional scans
of a scene without using multi-camera system. Such depth images are independent from
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Figure 2.4: (a) depth frame; (b) body index frame.

illumination as well as visual appearance variations. For every pixel in the depth image,
the depth sensor provide the measurement in the form of distance from the sensor to the
closest object surface. Hence much work so far tended to use depth-based features in order
to implement robust human tracking and body identification framework. Among these
features, geodesic distance is a feature which do not change with body movement and thus
has been used in some depth-based tracking methods. Plagemann et.al first brought the idea
of geodesic distance to human body localization and identification. In their work [110], an
interest point detector named AGEX is involved in the real-time body parts identification to
analyze body shape. The notion of interest point is based on calculating geodesic extrema
on surface mesh and associated with salient body extremities such as head, hand and foot
which can be classified using local shape descriptors. Their work is served as a foundation in
the form of local detectors and can be incorporated with other sophisticated global inference
algorithm for identifying model cues of human body.

In [78], Hui et.al approach for robust three-dimensional hand tracking on depth images
which can also identify the palm and fingers, using the clues given be geodesic distance. In
their methods, the palm is identified by distance transformation to the hand contoured and
been tracked using Kalman filter. Based on that, the position of fingertips are located by
calculating the maximum geodesic distance from the center of palm to each finger. For is-
sues like self-occlusion among different fingers, more physical constraints and incorporating
the 3D geodesic shortest path to distinguish nearby fingertips. Geodesic distance can also
be used in subject segmentation and video matting. In [5], Xue et.al proposed a method
for subject segmentation in both still image and video using the optimal computation of
weighted geodesic distance to the scribbles provided by user. Certain constraints are im-
posed to the weighted geodesic distance function to solve the issue that objects occluded
each other in the video. The weights are based on simple properties such as spatial and
temporal gradients and more sophisticated features can also be included in the future.

One essential step in calculating geodesic distance is constructing the surface mesh of
object, e.g., human body, from patch of 3D point cloud. There has been various techniques
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used in previous works for the generation of surfaces from point clouds produced with laser
scanner or stereo measurements. Mesh is defined as a collection of triangular (or quadrilat-
eral) contiguous, non-overlapping faces joined together along their edges. A mesh therefore
contains vertices, edges and faces [39]. The objective of surface mesh reconstruction can
be defined as: given a set of sample points P which lies in or near a surface S, construct
a surface model S′ to approximate the actual surface S. In this case the reconstructed
surface S′ is not able to exactly recover S, because the information used to build S′ is a
finite set of sample points on the surface S. There are lots of challenges exits in surface
mesh reconstruction problem: noisy and unorganized input points, and surface mesh with
various topological type and features. Hence much work have been proposed to address
the issue of using finite set of points to recover the surface mesh with correct topology and
features, according to different applications when using these reconstruction methods.

Surface mesh reconstruction algorithms can be roughly divided into two categories ac-
cording to the type of input data: reconstruction using unorganized point cloud or struc-
tured point cloud. Methods dealing with the first type of input data do not have any
other information except the spatial position of the set of points. The points are structured
according to their locations in the predefined coordinates before constructing the surface
mesh. For the second type of input data, additional information such as breaklines can be
taken into account. Breakline is defined as a line in a surface that represents a distinct
interruption in the slope of a surface, such as a ridge or a fold. Surface mesh reconstruction
algorithms can also be classified into two categories based on the mesh reconstruction algo-
rithms. In the first category, the methods are based on the assumption that the topological
type of reconstructed surface mesh is fixed. More precisely, the topological type is known a
priori; e.g., sphere, cylinder, or cuboid. More details of these methods have been reported
[16] [48]. Moreover, the second category tends to exploit the structure information from
the input data to build the surface mesh. For example, the adjacency relationship in the
data-set is used to reconstruct a surface mesh from range or depth images [86] [110].

An overall surface mesh generation process consists of four stages: pre-processing, topol-
ogy determination, surface mesh generation, and post-processing. In the pre-processing
stage, points are reduced, outliers are rejected, and holes are filled. Some methods also
re-sample the data to reduce the computational load. In the second stage, the neighboring
relationships between adhered parts in the surface mesh to be reconstructed are derived,
using constraints such as breaklines or other sorting methods. In the third stage, triangular
or polygonal meshes are constructed based on certain requirements such as no intersection
of breaklines or limitations in the unit size. Finally, after reconstructing the whole surface
mesh, some post-processing steps are performed to refine the surface.
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2.6 Experimental Setup

The experimental set-up uses both the color and depth sensor from a single Microsoft Kinect
II sensor. The sensor is positioned on top of a tripod, directly facing the background and
the person to be tracked. An adult subject is asked to walk under normal illumination in
a natural cluttered environment (Figure 2.5). Simultaneously, the color and depth video
sequences are captured by the Kinect II sensor. The particle filter program is implemented
in C++ and runs for the single target on a PC with Intel 3.20 GHz CPU. Figure 2.6(a)
shows the corresponding color frame captured by the RGB camera inside the sensor while
(b) shows the original depth frame.

Figure 2.5: a) The relationship between the Kinect camera, which is set on the desk, and
the human. b) Experimental set-up showing the coordinates of the tracking frame.

(a) (b)

Figure 2.6: a) The original color frame with a resolution of 1920 × 1280; b)The original
depth frame with a resolution of 512× 424.

Due to the hardware properties of the Kinect II sensor, the original frame size of the color
frame is 1920 × 1280 pixels. This is different from the depth frame, which has an original
frame size of 512× 424 pixels. We used calibration functions to map these two coordinate
systems into one system. As a result, a combined 3D synchronized frame is generated,
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which is used in the remaining computations. After the synchronization, each pixel in the
final RGB-D frame is associated with its depth distance value and its corresponding RGB
color value (Figure 2.7(c)).

(a) (b) (c)

Figure 2.7: a) The camera coordinate system of the Kinect Sensor; b)The transformation
between camera space and calibrated RGB-D space; c) The calibrated RGB-D frame and
coordinate system.

2.7 Discussion

Much work so far has successfully applied PF algorithm a wide variety of tracking problems,
however, it suffers from two problems: sample degeneracy and impoverishment, which has
been a long staining topic in this area. One common problem with the PF algorithm is the
degeneracy phenomenon. This phenomenon exist in classical PF algorithm where there is
no re-sampling step (refer to SIS in Section 2.1). Without re-sampling, there would be no
feedback mechanism from observation at each time state to adjust the distribution of the set
of samples through re-weighing. More precisely, after a few iterations in the PF process, the
weight will concentrate on few particles only, but most particles will have negligible weights,
resulting in sample degeneracy [76]. However, increased computation is still needed for these
particels with negligible weights. A visualization of this phenomenon is shown in Figure 2.8
in a one-dimensional state sapce, in which the size of the dots represents the weight of
the particles. Moreover, it has been shown in [132] that the variance of the importance
weights increase stochastically over time and thus lead to the degeneracy problem. The
mathematical proof of this concept is an extension of Kong-Liu-Wong theorem which can
be found in [70], and it is omitted here.

To avoid sample degeneracy problem, some methods such as increasing the number of
samples are utilized. Moreover, PF is usually accompanied with the re-sampling step which
re-generate samples on the position of high-weighted samples while discarding low-weighted
samples (refer to SIR in section 2.1). However, this might result in another common problem
which is called sample impoverishment. Since in the re-sampling stage, samples which have
high weights are selected more and more frequently, at the same time other samples are
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Figure 2.8: Visualization of sample degeneracy problem after a few iteration process in a
1D state space.

gradually diminished. The relationship between sample degeneracy and impoverishment is
depicted in Figure 2.9 where the size of a sample represent its weight. In the second row,
an increased number of samples are gathered around the position of high-weighted samples
(shown by blue circles in Figure 2.9), while low-weighted samples are abandoned (shown by
green circles). To summarize, sample degeneracy result from samples being distributed too
widely, while sample impoverishment is viewed as samples being too concentrated. More
precisely, sample degeneracy and impoverishment are a pair of contradictions that can be
collectively described as a trade-off between the need of diversity and the need of focus in
[79]. In [96], this is also viewed as as a problem in managing the spread of the particle set
in the state space to balance conflicting requirements.

Figure 2.9: Visualization of sample degeneracy problem after a few iteration process in a
1D state space.

As mentioned above, sample degeneracy and impoverishment are two basic difficulties in
PF, which can be viewed as unsatisfactory particle distribution. As a result, these issues can
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be resolved by optimizing the distribution of samples either using either prior or in posterior
knowledge. In the following chapters, the motivation, implementations, and implications,
and experimental analysis of the proposed sampling method are presented.
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Chapter 3

Tracking using the RGB Sensor

In this chapter, we apply the results of color-based particle filter (CPF) to track a person
within a bounding box. Due to the computational load associated with implementing
the particle filter, its real-time implementation presents some challenges. This chapter also
presents improvements that were made to address some of the performance issues associated
with the color-based tracking using the innovated sampling method and auto-regressive(AR)
dynamic model.

This chapter is organized as follows: Section 3.1 presents an overview of the color-based
particle filter algorithm that was used for people tracking. Section 3.2 then presents a series
of experiments exploring the relationship between various parameters and the performance.
To more deeply investigate the performance of the proposed tracking method, a group of
experiments involving different definitions of state vectors and dynamic models is described
in Section 3.3. Subsequently, a hierarchical method for importance sampling of the sample
distribution is proposed and the performance is shown in Section 3.4. In Section 3.4, the
tracking framework using hierarchical sampling is compared with the framework using the
traditional sampling method. Finally, the results are discussed and summarized in Section
3.5.

3.1 Color-Based Particle Filtering for People Tracking

In this section, a color-based particle filter (CPF) is used to track the person’s wandering in
a cluttered environment. For object tracking in cluttered environment, the posterior PDF
p(xt|zt) are often non-Gaussian. Particle filtering provides a robust tracking in this case, as
it models uncertainty. It can reserve its options widely open by considering multiple state
hypotheses at the same time.

The state of the target person is represented as a rectangular bounding box that is
defined at the initialization stage. Different definitions of the state of the tracking target
exist in various works that have used particle filter based frameworks(Chapter 2). A simple
representation is defined and shown in [122]. In their work, to reduce the computational
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cost of tracking, a simpler state vector is defined as {x, y} where x and y represents the
position of the tracked object in the x and y axes, respectively. The object in their tracking
framework is represented by a square without taking into account any scale information,
since the objective is to only identify the location of the tracking.

In [32], the state vector was defined in their tracking framework as consisting of both
kinematic and region parameters. The state vector adopted in their approach was {x, y, h, w},
where {x, y} specifies the center of the rectangle tracking area and {h,w} denotes the region
parameters, which in their case were the width and height of the rectangle.

In [24], a kernel particle filter was proposed for tracking in image sequences. The state
vector in their work consisted of both position parameters and rate of changes. In their
method, state was defined as {x, y, ẋ, ẏ} where {x, y} specify the center of the tracked region
and {ẋ, ẏ} denote the velocity of movement.

A more advanced representation is presented in [100]. In their approach, each sample was
represented by an ellipse and the associated state vector was defined as {x, y, ẋ, ẏ, Hx, Hy, ȧ},
where {x, y} denotes the position of the center of the ellipse. The velocity of movement
was specified {ẋ, ẏ}, {Hx, Hy} represented the length of the half axes of the ellipse and ȧ
represented the instantaneous scale changes of the elliptical region.

In this thesis, a high dimensional state vector, Mt, is an 8-tuple, defined by [82]:

Mt = {xt, yt, x′t, y′t, wt, ht, w′t, h′t} (3.1)

where (xt, yt) is the center of the bounding box at time t, (x′t, y′t) is the rate of change of
xt, yt over time in the directions of axes x and y, respectively (for a definition of the sensor
coordinates, refer to Section 2.6). The width and height of the box at time t is denoted by
(wt, ht). (w′t, h′t) is the instantaneous rate of change of the width and height at time t.

The dynamic model is used as the state transition model; if the state of the object is
known in the current frame, we can estimate its state in the next frame using this model.
One of the most commonly used methods, a first-order auto-regressive dynamic model [100],
is constructed to propagate the set of samples:

M i
t = AM i

t−1 + nit−1, nit−1 ∼ τiN(µi, σ2
i ) (3.2)

M i
t−1 is the state vector of the recursive estimation of the ith sample computed in the

previous time instance t−1. An additional random variable nit−1 representing system noise is
introduced to each sample around the state at the current time instance. nit−1 ∼ τiN(µi, σ2

i )
shows that this value follows a standard distribution where the amplifier is τi, the mean is
µi and the variance is σ2

i . In the proposed method, following the most common selection
methods and tested by experiments, nit−1 is defined as a zero-mean Gaussian variable where
µi = 0 and σ2

i = 1. The choice of τi is introduced in the following experimental section.
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Matrix A is the deterministic component of the state model, which can be modelled on the
basis of the knowledge of the scene and the target being tracked.

For example, given the 1D example shown in Section 2.2, if a tracking framework is
proposed to track the location of a target, the state vector can be defined simply as:

Mt = {xt, yt, ẋt, ẏt} (3.3)

where {xt, yt} denotes the location of the target and {ẋt, ẏt} specifies the rate of change
of the position. As the movement of aircraft being tracked is assumed to be nearly constant,
the deterministic component, matrix A, can be define as:

A =


1 0 1 0
0 1 0 1
0 0 1 0
0 0 0 1

 (3.4)

The most essential concept in the PF is that the posterior Probability Density function
(PDF) of the tracking object is described by a set of distributed samples. This set of
samples can be represented by:

S = {(sit, wit) | i = 1, 2, 3, ...N} (3.5)

where wit is the weight of each sample sit, and N is the total number of samples (see
Figure 3.1). As presented in the previous chapter, the set of samples and their weights are
used to calculate the estimate of the state vector E(Mt). The set of samples can then be
propagated based on the model described in Equation 3.2, or:

sit = Asit + nt−1 (3.6)

where matrix A is the deterministic component of the state dynamic model. As the total
number of samples increases, the true posterior PDF can be recovered through it. A simple
visualization illustrates this process (Figure 3.1) and more details can be found in Section
2.1. The color distribution is chosen to represent the target model because it is robust
against non-rigidity, rotation, and partial occlusion. Moreover, compared with contour-
based or appearance-based methods, its efficiency also contributes to the performance of
real-time tracking methods. Compared to other kinds of features, identifying objects using
color allows for a more efficient analysis of complex images, which yields a good performance
in object identification. Experimental results presented in [145] show how color contributes
strongly to object representation and recognition. More details about various color spaces
and the generation of histograms can be found in Appendices E and F.
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Figure 3.1: Visualization of color-based particle filtering process through a set of samples.

In this thesis, the color histogram is established based on hue, saturation and value
(HSV) color space and it is used to associate weight to each sample in the color-based
particle filter. The transformation between HSV and RGB is nonlinear. Other similar
color spaces are HIS, HLS, and HCI [107]. Hue-saturation-based color spaces have been
introduced when a need was present for the user to specify color properties numerically.
Hue defines the dominant color (such as red, green, purple, or yellow) of an area, while
saturation measures the colorfulness of an area in proportion to its brightness [113]. The
intuitiveness of the color space components and the explicit discrimination between lumi-
nance and chrominance properties have made the HSV color space attractive for studies
on human detection. Moreover, the properties of hue, like being invariant to highlights in
white light sources, and on matte surfaces, and to ambient light and surface orientation
relative to the light source, are described in [73]. For these reasons, the HSV color space
was chosen for our proposed method.

When an HSV color histogram is selected as the metric, each of the samples is weighted
by comparing the similarity between its color histogram and the reference color histogram
of the object. This is done by calculating their Bhattacharyya distance[9], which is a
measurement indicating the similarity between two discrete probability distributions. The
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Bhattacharyya distance has been determined to be one of the most effective discriminators
in feature extraction and image processing [8]. The Bhattacharyya coefficient has a fixed
(normalized) range, which affords a conveniently practical appraisal of the similarity, and
several other desirable properties [116]. More details about calculating the Bhattacharyya
distance between two color histograms can be found in Appendix E. Here, the Bhattacharyya
distance dbt between two color histograms P and Q is given by:

dbt =

√√√√1−
Nb∑
i=1

√
P (pi)Q(qi) (3.7)

where Nb is the total number of bins in each histogram. Without loss of generality,
we assume that these two histograms have the same number of bins. P (pi) represents the
number of pixels in bin i in histogram P and Q(qi) represents the number of pixels in bin
i in histogram Q. For a 2-D color histogram, Nb = h × s, where h and s represent the
numbers of bins of hue and saturation, respectively. The closer P and Q are, the smaller
the value of the Bhattacharyya distance.

The objective of the PF tracking is to favor samples whose color distribution is similar
to the target; hence, a smaller Bhattacharyya distance is associated with a large weight.
A metric for transforming the Bhattacharyya coefficient into a weight for a sample i is
described in [100], where:

wi = 1√
2πσ

e−
(dbt)2

2σ2 (3.8)

where wi represents the corresponding weight of sample i; dbt represents the Bhat-
tacharyya distance; and the weight transformations are specified by a Gaussian with vari-
ance σ. For the sake of simplicity, here, the variance is chosen to be 1. Figure 3.2 shows
an example of how weight can be assigned to two different samples. In this Figure particle
index indicates that this is the ith particle in the set. The two particles are taken from a sam-
ple frame and their indexes are shown in the Figure. After calculating the Bhattacharyya
distance for each particle, the weights can then be transformed and assigned.

In implementation of the particle filter, after calculating the weight of each sample, the
weights are then normalized to fulfil:

N∑
i=1

wit = 1, (3.9)

where N is the total number of samples. After the normalization step, the sum of the
weights is equal to 1. The final step is to estimate the state of the set of samples using the
following equation:
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Figure 3.2: An example of assigning weights to two different samples by calculating the
Bhattacharyya distance for each sample.

E(Mt) =
N∑
i=1

wits
i
t (3.10)

which is the weighed sum of the N samples. This process is then repeated at each time
instance. A visualization of this process can be seen in Figure 3.1.

Figure 3.1 illustrates the steps for the CPF implementation for people tracking. The
tracking begins at the estimated values of the state. The next step is the particle prediction.
The dynamic model is applied to distribute these samples. The set of samples is propagated
based on the auto-regressive dynamic model presented in Equation 3.2.

After the prediction step is accomplished, the likelihood evaluation step is conducted by
calculating the color distribution for each sample in the set. Likelihood is the probability
distribution of measurement given the state. At the beginning of this step, a color histogram
is established for each sample. Then, the Bhattacharyya distances are calculated,using E-
quation 3.7, for each sample between its color histogram and the reference histogram which
is constructed in the initialization stage of the PF process. After that, each sample in the
sample set is weighted using Equation 3.8 and then normalized as shown in Equation 3.9.
Finally, the estimate of the state is measured using Equation 3.10. Three different ap-
proaches can be used to calculate the estimate at the current time state: weighted sum,
MAP estimate and robust mean [135]. Weighted sum is the method used in this thesis, as
given by Equation 3.10. Moreover, MAP estimate is accomplished by choosing the state
of sample with the biggest weight as the estimate of the current time state. In addition,
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robust mean measures the state estimates by calculating the mean value within a window
around the MAP estimate (more details can be found in [114]).

The next step is the particle re-sampling. The particles are re-sampled according to their
weights, as mentioned in Section 2.1, and particles with higher weight have a greater chance
of being selected. After the re-sampling stage, most particles are concentrated around the
position of those particles having the bigger weights. This re-sampling step can be compared
to natural selection where the best samples survive. The re-sampling step is necessary to
stop the degeneracy issue, which happens when a small group of samples have extremely
dominant weights. For example, in the third line in Figure 3.1, the second particle appears
to have a relatively bigger weight than the other particles. Without re-sampling, the weight
of this particle could grow larger and larger, while the other particles would tend to have
smaller and negligible weights. After the particle re-sampling stage, the weight distribution
of the newly generated set of samples is set to be uniform. As seen in Figure 3.1, after the
re-sampling stage, every new particle is represented by a solid circle of the same size.

3.2 Experimental Analysis

In this chapter, a series of experiments are described for analyzing the different parameters
and how they impact the tracking results. As shown in the previous section, the particle
filter framework can be implemented with different parameters, state vectors and dynamic
models. The objective of the following experiments is to explore the relationship between
various factors and the performance of tracking. From these experiments, a series of con-
clusions are drawn to improve the color-based tracking of coarse body shapes and build a
solid basis for further precise tracking experiments to construct an overall levels-of-detail
tracking framework.

In the first experiment, the state vector Mt is an 8-tuple vector Mt where Mt =
{xt, yt, x′t, y′t, wt, ht, w′t, h′t}, defined in Equation 3.1. In this definition, (xt, yt) are the cen-
ter of the bounding box at time t, and (x′t, y′t) are the velocities of the box moving in the
directions of axes x and y, respectively. In addition, (wt, ht) are the width and height of
the box at time t, and (w′t, h′t) are the instantaneous changes of the width and height at
time t. For this experiment, the deterministic component, A, is defined as an 8× 8 matrix:
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A =



1 0 1 0 0 0 0 0
0 1 0 1 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0
1 0 1 0 0 0 0 0
0 1 0 1 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0


(3.11)

Meanwhile, the stochastic component in the dynamic model, nt−1, is an 8-tuple multi-
variate Gaussian random variable represented as:

nt−1 =
[
n1
t−1 n2

t−1 n3
t−1 n4

t−1 n5
t−1 n6

t−1 n7
t−1 n8

t−1

]
(3.12)

where each element in the vector is assumed to follow a normal distribution with mean
µi, variance σ2

i , and amplifier τi, where

nit−1 ∼ τiN(0, 1), 1 ≤ i ≤ 8 (3.13)

The reason for using this distribution for the nt−1 random vector is drawn from the noise
distribution of the system, which is an i.i.d. (independent and identically distributed) for
the process noise sequence [4] [100]. Hence, it is assumed to follow the normal distribution,
according to the central limit theorem [2] in probability theory. Moreover, in other color-
based particle filtering works that focus on the tracking problem, the stochastic component
in the dynamic model is usually defined as following the normal distribution.

Thus, this model can be re-wrote as:

xt = xt−1 + x′t−1 + n1
t−1, yt = yt−1 + y′t−1 + n2

t−1 (3.14)

x′t = x′t−1 + n3
t−1, y′t = y′t−1 + n4

t−1 (3.15)

wt = wt−1 + w′t−1 + n5
t−1, ht = ht−1 + h′t−1 + n6

t−1 (3.16)

w′t = w′t−1 + n7
t−1, h′t = h′t−1 + n8

t−1 (3.17)

As stated in the discussion in Chapter 2 and in Section 3.1, one of the two common
problems in PF tracking is the sample degeneracy, which occurs after a few iterations in
the sample propagation process, when only a few samples have significant weights but most
samples have negligible weights. One way to solve this problem is to increase the number
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of particles. Nevertheless, increasing the number of particles also increases the computa-
tional cost, which can result in poor representation to unacceptable tracking performance.
This leads to a bad influence on the real-time tracking implementation. In the following
experiments(Section 3.2.2), we investigate the effect of varying the number of particles on
the tracking performance. Subsequently, a series of other experiments were conducted to
explore the factors that influence the performance of the proposed tracking algorithm, such
as size of ROI, velocity of movement, the state vector, and the dynamic model.

3.2.1 Evaluation Metrics

For the performance evaluation, a large number of experiments were conducted in regards
to the particle filter based on real-time tracking methods that simply presented selected
frames of the tracking results for a comparison with other state-of-the-art tracking methods.
In addition, we wanted to explore and compare the performance, both qualitatively and
quantitatively, with regards to different factors during the tracking process. Hence, some
evaluation metrics were necessary, such as the several performance measures that have
become popular in single-target visual tracking evaluations and which are widely used in
the literatures. Much of the work on real-time color-based tracking assumes that manual
labelling are given to generate the ground truth for a sequence. In particular, success rate
is one of the most widely used metrics. In the following experiments, to quantitatively
evaluate the performance of different methods, we use success rate as the metric. Before
introducing this metric; however, we first present another metric, overlap region, which is
a key step in calculating success rate.

1. Region overlap [23] This metric is computed as an overlap between the predicted
target region from the tracker and the ground-truth region (Figure 3.3). Given the tracked
bounding box, ROIT , and the ground truth bounding box, ROIG, which is generated by
hand labelling, the region overlap score is defined as:

score = area(ROIT
⋂
ROIG)

area(ROIT
⋃
ROIG) = TP

TP + FN + FP
(3.18)

2. Success Rate [135]: To make the final overlap region score more comparable across a
set of sequences of different lengths, the number of correctly tracked frames, also known as
success rate, is calculated by:

Success Rate = Fscore≥thre
F

× 100% (3.19)

where Fscore≥thre is the number of frames for which the score is equal or larger than a
predefined threshold thre and F is the total number of frames in an experiment. A larger
value of the successful rate implies a better result. In most single-target tracking measures,
such as in [129] and [155] the commonly used predefined threshold thre is set as 0.5, namely
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Figure 3.3: An illustration of the overlap of ground-truth region with the predicted region.

a frame is considered to be the success frame when the score is above this threshold. To keep
a consistent evaluating metrics between previous literatures and our method, this threshold
is also used in the following experiments.

3.2.2 Varying the Number of Particles

The relationship between the number of particles and the performance of tracking experi-
ment is shown Table 3.1. The computational cost of tracking is defined as the average frame
rate; namely, frames per second (FPS), of the first 100 frames in every real-time testing
process which was conducted twice. The first 100 frames are selected as the whole testing
sequence. All frames and the tracking results are recorded. Subsequently, the success rate
of each experiment is calculated. In the following experiments, we assume that the remain-
ing parameters remain unchanged, such as the velocity of movement and the size of the
bounding box. The adult subject wore the same clothes and was asked to walk following
similar conditions in these experiments. In addition, the experiments were conducted in
the same laboratory scenario under a natural cluttered environment. The original size of
the ROI is remained unchanged by initializing the bounding box with the same width and
height for each experiment. The image size of the color frame is 512 × 484 pixels and the
size of the initial rectangle ROI is 120 × 280 pixels. During these experiments, the number
of particles started at 0 and increased in increments of 20 each time until reaching the upper
bound, which was set to be 160.

Table 3.1: Success rate for the tracking results in experiments on varying the number of
particles.

Performance 20 40 60 80 100 120 140 160
Successful Rate ( %) 37.5 49 68 79 85.5 87 90.5 91

Besides analyzing the error and success rate, we recorded the computing time for tracking
with different numbers of particles. A measure of the speed of computation, FPS, for the first
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200 frames was recorded and calculated to get the average FPS. As shown in Figure 3.4,
the average FPS decreases with an increasing number of particles. This is explained by
the implementation of the particle filter process, as most of the time is consumed by the
algorithm for the feature calculations. In other words, establishing and comparing the color
histograms occupies a significant part of the total processing time (see Section 2.3 and
Appendix D for more details). In a real-time tracking problem, an inadequate frame rate
is an issue that needs be avoided. The term real-time has different meanings in different
contexts. With regards to image processing, real time processing is usually the opposite of
offline processing. In offline processing applications, the images are recorded in sequence
and they are processed at a later time. In contrast, a real-time algorithm processes images
at the rate of the source (e.g., the camera) that is supplying the images, ideally. The
notion of real-time is not really tied to a specific frame rate, though it could be defined as
the minimum frame rate at which movement is perceived as being continuous. Hence, the
lower the frame rate in a tracking framework, the less continuous movement is seen with
consecutive frames. This will disturb both the tracking process and other aspects, such as
the need for suspecting activity monitoring.

Figure 3.4: Relationship between the number of particles and the average frame rate.

An objective of the experiments is determining the number of particles that can result
in good tracking under a given fixed condition, like the one described in this section. On
one hand, a large number of particles is helpful for maintaining a full representation of the
post probability density function and achieving accurate tracking results. On the other
hand, if the number of particles is too large, it will decrease the frame rate. The adequate
number of particles is worth exploring, to achieve a better tracking performance. Figure 3.5
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to Figure 3.10 show that when the number of particles is less than a certain threshold; i.e.,
40, the tracking performance is insufficient to accurately capture and include the overall
human body shape. Hence, the number of particles should not be too small, to maintain an
adequate distribution. Nevertheless, if the number of particles is too large; i.e., 120, the FPS
would become very small , which makes it unsuitable for a real-time system. From the above
observations, we choose the number of particles to be 100 in the following implementation
to achieve a good performance for real-time color-based particle filter tracking.

Figure 3.5: Screenshots of the tracking results using CPF (number of particles N= 20).

Figure 3.6: Screenshots of the tracking results using CPF (number of particles N= 40).
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Figure 3.7: Screenshots of the tracking results using CPF ( number of particles N = 80).

Figure 3.8: Screenshots of the tracking results using CPF ( number of particles N = 100).
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Figure 3.9: Screenshots of the tracking results using CPF ( number of particles N = 120).

Figure 3.10: Screenshots of the tracking results using CPF ( number of particles N = 140).
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3.2.3 Varying the Size of ROI

In this section, we investigate the relationship between the efficiency of tracking results
and the size of bounding box. Like the previous experiments, we conducted four groups of
experiments on tracking, with different sizes of ROI: 100 ×150 pixels, 150 ×150 pixels, 150
×200 pixels, and 150 × 250 pixels. Here, we assume that the other parameters remained
unchanged during the experiments, including the number of particles and the velocity of
movement. The initialization of ROI in these experiments is shown in the Figure 3.11. Since
most of the computation time in real-time particle filter tracking is spent on calculating color
histograms inside the ROI, the average FPS of the tracking experiment increases with the
increased size of the tracking region.

Figure 3.12 and Table 3.2 show that the total time complexity of the tracking algorithm
is proportional to both the number of particles and the size of the region. Nevertheless,
the influence of varying the size of ROI is relatively smaller than the influence of varying
the number of particles. For example when the number of particles varies from 40 to 120
with ROI size of 150 ×200 pixels, the FPS decreases from 18.36 to 3.81. More details of the
corresponding benchmark can be found in [77]. In addition, when tracking a person’s body
and the body occupies the number of pixels within a certain range, the difference between
the variation of its size and its FPS is not obvious.

Figure 3.11: A series of example images in this experiment, in which the initialization of
tracking ROI is 100× 150, 150×150, 150×200, 150×250, respectively.

Table 3.2: Relationship between the size of ROI, the number of particles and the FPS of
tracking results

ROI/Number of particles 20 40 60 80 100 120
100 ×150 27.56 17.26 12.71 10.11 8.44 7.48
150 ×150 22.19 13.32 9.43 7.20 5.73 5.05
150 ×200 18.36 10.36 7.21 5.85 4.85 3.81
150 × 250 14.89 8.31 5.91 4.72 4.43 4.1
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Figure 3.12: Relationship between size of ROI and efficiency of tracking.

3.2.4 Varying Velocity of Movement

In this experiment, an adult is asked to walk in a cluttered laboratory environment under
natural illumination. The image size of the color frame is 512 × 484 pixels and the size
of the initial rectangle ROI is 100 × 250 pixels. This experiment is conducted to explore
the relationship between velocity of movement of the subject and the performance of track-
ing(Figures 3.13, 3.14, and 3.15). Here all the other parameters remain unchanged including
the size of ROI, the number of particles and the motion model (except for the velocity of
the object). In three group of trials, the person is walking with different velocities: low (0.4
meter/sec), medium(0.8 meter/sec) and high (1.2 meter/sec) which are calculated through
dividing the distance by the walking time.

Experimental results (Figure 3.13) depict the tracker moving at a slow speed. In this
case, the tracking result, shown as the red bounding box, is able to track the target consis-
tently and robustly. Moreover, Figure 3.14 shows the results of tracking when people are
moving at a medium rate. In this scenario, the tracking performance is also acceptable.
When the person is moving at a relatively fast speed, as shown in the third column in
Figure 3.15, certain frames are present where the bounding box does not include the overall
body shape since the bounding box is moving ahead of the tracked subject. In most cases;
however, the tracker is able to capture the whole body within the bounding box. This issue
arises because the frame rate is relatively low. If the tracked object moves too fast, the
consistency between consecutive frames is insufficient, which leads to small errors in some
frames.
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Table 3.3: Success Rate for tracking results of experiments on varying the velocity of move-
ment

Performance/Velocity slow medium high
Successful Rate ( %) 84 82.5 74.5

Figure 3.13: Results of tracking a walking person with slow speed of movement , where the
frame number is 25, 50, 75, 100 (N = 100).

Figure 3.14: Results of tracking a walking person with medium speed of movement , where
the frame number is 19, 48, 62, 79 (N = 100).

Figure 3.15: Results of tracking a walking person with fast speed of movement , where the
frame number is 11, 24, 36, 49 (N = 100).

3.3 Effects of Changing Auto-regressive Dynamic Model

3.3.1 Original 8-tuple State Vector and Dynamic Model

In the PF-based tracking framework, the target is represented by a state space model,
where the unknown state Mt is predicted based on the knowledge of Mt−1. With a bet-
ter dynamic model, more particles will have high likelihood after the propagation stage,
thus making the likelihood sum of all particles closer to the ground truth. For this rea-
son, the following experiments were conducted to find an appropriate dynamic model to
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improve the tracking performance. In these experiments, the sample set is generated in
a random manner. In our previous experiment, the tracking object was represented by a
2D rectangular bounding box. The state of the bounding box is described by an 8-tuple
vector Mt = {xt, yt, x′t, y′t, wt, ht, w′t, h′t}. A first-order auto-regressive dynamic model is
constructed to represent the propagation of the state vector and the equation is given as:

M i
t = AM i

t−1 + nit−1 (3.20)

To solve the problem of diversity loss, a random value is added to each sample around
the state of the current moment to predict the state of the next moment. The definition
of the Gaussian noise vector has been described in the previous sections. Component A
is the deterministic component of the state model and nt−1 is the stochastic component.
The objective of this section is to determine matrix A and the system dynamic model. In
the initial experiment below, the dynamic model is defined as the first-order auto-regressive
model and matrix A is defined as shown in Section 3.2. A is constructed this way because
object is considered in terms of moving with an adaptive velocity and changing width and
height. Moreover in these experiments for n′t−1, τ1 = τ2 = 10, τ3 = τ4 = 1, τ5 = τ6 =
τ7 = τ8 = 0.1. In this section, other kinds of dynamic models are also constructed and
compared in terms of their performance under identical conditions. A series of example
images acquired from real-time tracking sequences is shown (Figure 3.16), indicating the
performance of the original dynamic model stated above and the samples distribution.
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Figure 3.16: (a) Results of tracking a walking person using CPF with an 8-tuple state
vector, where frame numbers are 10, 20, 30, and 40; (b) Samples propagated based on
deterministic component A and the system dynamic model (N=100); (c) Result of tracking
a walking person using CPF with an 8-tuple state vector, where the frame numbers are 50,
60, 70, and 80; (d) Samples propagated based on deterministic component A and system
dynamic model (N=100).
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3.3.2 Varying the Size of State Vector

Based on the characteristics of the people’s movement in an indoor scenario, the total
number of pixels occupied by the coarse body shape varies within a certain range in most
cases, although this is not suitable for certain cases where the subject moves in and away
from the camera. A number of studies have adopted the definition of ROI with fixed height
and width, which can also reduce the computational cost. In this experiment we attempted
to represent the bounding box as a rectangle with fixed width and height, using a 4-tuple
vector. The center of the bounding box and its velocity changes with the movement of the
object. From the definition, we use:

M ′t = {xt, yt, x′t, y′t} (3.21)

as the state vector of the target, where(xt, yt) is the center of the bounding box at time t
and (x′t, y′t) is the velocity of the box moving in the direction of axis x and y, respectively. In
this dynamic model, the changing scale of the target is not represented by the state vector;
thus, the size vector and its variations are not included in the state space representation of
each particle. The state at the previous time instance t − 1 is then transmitted using the
transition function:

M ′t = AM ′t−1 + nt−1 (3.22)

where A equals to:

A =


1 0 1 0
0 1 0 1
0 0 1 0
0 0 0 1

 (3.23)

As we aim to track a region of interest that represents the coarse shape of the object
in the color frame, no rigid restriction is applied to the dimension of shape being used.
Even more complicated hand-drawn or learned can be used if necessary. However, given the
global characteristics of the color distribution in the ROI, the choice of a simple similitude
is considerable and appropriate in most general cases. In addition, [109] has shown that if
the aspect ratio (the proportional relationship between width and its heigh) of the selected
region is close to one, the color information gathered over transformed regions will be rather
insensitive to the rotation component of the similitude. Thus, in the following experiment,
the 4-tuple state vector is used for tracking.

From the experimental results, we can see that this 4-tuple state vector can achieve
acceptable results for human tracking in the indoor scenario (Figure 3.17 (a) - (b)). When
the person is walking and the movement is mostly along the horizontal direction, the pro-
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posed state vector can correctly capture the position of the ROI. Moreover, as shown in
Fig. 3.17(c) when the person is moving away from the sensor, it can still capture the whole
body shape. Nevertheless, if the person is moving toward the sensor and reaches a distance
which is close to the location of the sensor, tracking might miss certain areas of the body as
the bounding box itself is not able to enlarge and include all areas for tracking. Although
the tracking can still locate the center of the subject, some color information will be lost
in the process. Table 3.4 shows the success rate for the experiments in this section, in-
cluding this experiment. Some of the frames are identified as false frames because the fixed
bounding box is not able to change its size to cover the whole body.

In a word, the advantage of using a 4-tuple vector with parameters associated with the
location of the center of the region is that it reduces the computational complexity as the
number of parameters is decreased. Fewer parameters require fewer calculations, which
improves the time performance. Nevertheless, as long as the person is moving under a
complex condition where the direction of movement changes extensively in both the x and
y axis in the frame coordinates, it is insufficient to use this definition of the state vector.
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Figure 3.17: (a) Results of tracking a walking person using CPF with 4-tuple state vector,
where frame numbers are 11, 22, 48 and 65; (b) Samples propagated based on based on
the first-order auto-regressive dynamic model (N=100); (c) Result of tracking a walking
personusing CPF with 8-tuple state vector, where frame numbers are 71, 77, 85, and 95;
(d) Samples propagated based on the first-order auto-regressive dynamic model (N=100).
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3.3.3 Varying Order of Dynamics Model

The auto-regressive process is a time series modelling strategy that takes into account the
historical data to predict the current state [21]. In this strategy, the current state st relies
on the previous states using the dynamic model, which is a deterministic mapping function
that includes a stochastic disturbance. In our original case, the dynamic model described in
the previous section is a first-order auto-regressive model. To explore the possible simulation
of the complex movement, we attempt to use a higher-order auto-regressive model in the
following experiments. This dynamic model has three main advantages. First of all, like the
original model, the linear form of the state evolution is still used to model the deterministic
parts of the motions. Second, a higher-order auto-regressive model has the potential to
better model the complex characteristics of human motion in real-world scenarios. Third, a
representation that does not lose diversity can be sustained in complex scenarios when the
pre-defined state has fewer vectors.

Northe et al. [99] attempted to determine the coefficients by learning the patterns of
different motion classes through a training process that achieved perfect tracking. Mean-
while, Perez et al. [109] used a second-order constant velocity model to pre-define the
coefficients, which worked well in the condition where the camera was stationary. The au-
thors showed that their method worked well because in traditional hockey player tracking
and other video-based tracking cases, a constant velocity model is suitable for modelling
the motion of the subject that results from the impact of inertia. One of the most widely
used second-order auto-regression models from previous work is:

st = Ast−1 +Bst−2 + Cnt (3.24)

where A,B,C are the auto-regression coefficients and nt is the stochastic component. In
this section, we describe two different trials that used the same second-order autoregressive
model with two different state configurations: a 4-tuple state vector presented in Section
3.3.2 and the original 8-tuple state vector presented in Section 3.1. In these trials, a simple
second-order AR model is constructed as follows in order to propagate the particles. The
current state is estimated using the prior knowledge as follows:

st = st−1 +A′(st−1 − st−2) + nt−1 (3.25)

where the deterministic component is:

A =


0.5 0 0.5 0
0 0.5 0 0.5
0 0 1 0
0 0 0 1

 (3.26)
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From this equation, as the motion estimation is rough, the coefficient A decreases the
weight of the motion estimation. Over-trusting the motion estimation would disperse the
particle distribution, which would degrade the accuracy of tracking. The process noise nt
for each state variable is independently drawn from the zero-mean Gaussian stochastic com-
ponent, as shown in the previous sections. The combination of the 4-tuple state vector and
the second-order auto-regressive model yields a acceptable performance, as shown in the
Figure 3.18. From the figure, when using a second-order dynamic model, the particle dis-
tribution is more sparse. It can be seen that some particles are distributed at inappropriate
locations. Table 3.4 shows the success rate of all experiments in this section, including the
two experiments described in this section. From Table 3.4, the tracking methods that use
the 4-tuple state vector and second-order auto-regressive model can achieve an acceptable
success rate. Nevertheless, the method still suffers from the same issue where the person is
moving toward the sensor, the bounding box is not always able to include the whole tracked
body, leading to some inaccuracy.

As the 4-tuple state vector remains a challenge with respect to the size variation, we
have also explored the performance when using both the 8-tuple state vector and the second-
order auto-regressive model. In accordance with the first-order formalism used in Section
3.1, we define the state vector at time t , in the following experiment, as:

Mt = {xt, yt, x′t, y′t, wt, ht, w′t, h′t} (3.27)

The second-order dynamic model is still

Mt = Mt−1 +A(Mt−1 −Mt−2) + +nt−1 (3.28)

where A is as mentioned above. As shown in Figure 3.19, the sample distribution is too
sparse when using this second-order auto-regressive model with the 8-tuple state vector. An
large proportion of samples is generated with inadequate locations or with inappropriate
sizes. Some of the locations are obviously too far away from the center of the object, while
the sizes may have very large/small widths and heights. After the similarity calculation for
the particle measurements, these samples are less similar to the tracking object and hence
have a bad influence on the tracking result, which is the weighted sum of all the particles.
Although they have smaller weights, which can decrease the impact, in Figure 3.19 (c) and
(d) we can see that the tracking results gradually become worse and largely deformed. The
size of the box tends to enlarge sufficiently to include the area in the background and the
target. Consequently, the focus of the target is lost and the success rate is lower than in
other tracking methods. Table 3.4 shows the success rate for this experiment. As shown in
the table, tracking methods that use 8-tuple state vector and second-order auto-regressive
model generate relatively a low success rate. Hence they are not considered in the following
experiments.
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Figure 3.18: (a) Results of tracking a walking person using CPF with 4-tuple state vector,
where the frame numbers are 10, 15, 25 and 35; (b) Samples propagated based on based on
second-order auto-regressive model (N=100); (c) Result of tracking a walking personusing
CPF with 4-tuple state vector, where the frame numbers are 45, 50, 55, and 60; (d) Samples
propagated based on deterministic component A and system dynamic model (N=100).

Table 3.4: Success Rate for tracking results of experiments on the changing dynamic model

Experiment Original 4-tuple state vec-
tor with original
model

4-tuple state vec-
tor with 2nd mod-
el

8-tuple state vec-
tor with 2nd mod-
el

Successful
Rate ( %)

83 81 77.5 59
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Figure 3.19: (a) Results of tracking a walking person using CPF with an 8-tuple state
vector, where the frame numbers are 10, 20, 30 and 40; (b) Samples propagated based
on second-order auto-regressive model (N=100); (c) Result of tracking a walking person
using CPF with an 8-tuple state vector, where the frame numbers are 50, 60, 70, and 80;
(d) Samples propagated based on deterministic component A and system dynamic model
(N=100).
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3.4 Hierarchical Method for Important Sampling in the Sam-
ples Distribution

In general, the CPF for this layer performed well since it captured model uncertainties. In
the process, the less likely particles will not be discarded immediately. On the contrary, they
will be given some prior weight, which can be used in the subsequent steps. On the other
hand, this step results in an added computational cost since the evaluation of the likelihood
function must be performed at every time instance for every sampled particle. This is one
of the main reasons for the increased computational cost of a typical implementation of PF
such as the condensation algorithm. A certain number of particles are required to sustain
the diverse representation. However when the number of particles increases, the frame rate
of the real-time tracking decreases. To accelerate the tracking process while maintaining
the stable results, we tried several different enhancements in this study.

In our proposed framework, the implementation of the CPF at the first level is improved
through hierarchical sampling to reduce the number of particles needed. To achieve this
goal, the target region is represented as a rectangular bounding box which is defined at
the initialization stage. The bounding box is represented by system matrix A and vector
Mt, represented by an 8-tuple state vector {xt, yt, x′t, y′t, wt, ht, w′t, h′t}. In the state vector
description, (xt, yt) is the center of the bounding box at time t, and (x′t, y′t) are the velocities
of the box moving in the directions of axes x and y, respectively. The width and height of
the box at time t are (wt, ht), and (w′t, h′t) are the instantaneous changes of the width and
height at time t. If the state of the object is known in the current frame, we can obtain it in
the next frame. In this method, a first-order auto-regressive dynamic model is constructed
to represent the propagation of the state vector:

M i
t = AM i

t−1 + nit−1, nit−1 ∼ τiN(µi, σ2
i ) (3.29)

Mt−1 is part of the recursive estimation computed from the previous time instance, and
an added random value nit−1 is introduced at each sample to add diversity to the set of
samples. nit−1 ∼ τiN(µi, σ2

i ) shows that this value follows a standard distribution where
the mean is µi and the variance is σ2

i . Parameter A is the deterministic component of the
state model. Both A and nt−1 can be modeled based on the knowledge of the scene and
the target being tracked.

Since the incremental velocity and direction of a person can be estimated through the
movement dynamic model, the model can also be used to enhance the prior distributing
of particles; i.e., in the expected direction of movement. More precisely, defining the re-
lationship between velocity, position variation, and property of the bounding box is the
main idea for the hierarchical sampling used in this study. The view of the tracking area
is based on perspective geometry. In general and projected geometry, various movements
and activities in people tracking can be regarded as a combination of two different types of
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motion cases; i.e., movements along the horizontal (x-direction) and the vertical direction
(y-direction)(Figure 3.20 and 3.21).

In the first case study, the person is moving along x direction in the world coordinates
(Figure 3.20). Assuming that no changes take place in the viewpoint, both the width and
height definitions of the ROI remain unchanged. This is because the height and width only
change as a function of how close or far away the subject is with respect to the camera.
In this case, the subject is moving along the x direction, and the height and width of
the projected object remain nearly unchanged. Based on the expected observation, more
particles can be generated and propagated along the x direction to estimate the variation
of the position of the bounding box and the direction of movement (see Figure 3.22 (a)(b)).

Figure 3.20: Illustration of concept of movement along x-direction in the color frame.

Since the velocity vector in x and y directions are defined as the state vector x′t−1
and y′t−1, the incremental direction of movements can be deduced. After determining the
direction of motion of the previous time instance, an increased proportion of the total
number of particles can be generated along this direction. This approach for sampling can
result in a practical guideline without loss of diversity since the probability of people moving
incrementally along a direction is much higher than sporadic movements in some other
directions (Figure 3.22 (a)(b)). Previously published methods [82] required the generation
of a larger number of particles, which results in the loss of consistency of the human motion
estimation between each frame and generally results in a loss in tracking.

In the second case study, the person moves along the y direction in the color frame
coordinates (See Figure 3.21). In this situation, the rate of the change of the height and
width of the bounding box will also be a function of the velocity of the center of the box.
The direction and magnitude of the incremental velocity is the key measure for adaptively
redistributing particles during the tracking sequence. In this case, a person is moving to or
away from the camera, and the velocity x′t−1 of the center of ROI would be nearly zero since
the x-position of the ROI is not changing. Thus, we need to generate more particles where
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the associated width and height values change and fewer samples have changing positions
along the x direction. If relative changes are occurring in position or velocity; however,
then more particles should be generated in the expected direction of the velocity vector but
fewer samples are associated with the width and height changes.

Figure 3.21: Illustration of concept of movement along y-direction in the color frame.

In most general cases, the person’s movement is a combination of the above two cases.
A relationship between parameters {w, h,w′, h′} and {x, y, x′, y′} can be established. For
example, using the definition of the state vector, the matrix A can be defined as:

A =



1 0 1 0 0 0 0 0
0 1 0 1 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0
0 0 0 0 1 0 1 0
0 0 0 0 0 1 0 1
0 0 f1 f2 0 0 1 0
0 0 f1 f2 0 0 0 1


(3.30)

here f1 = a(·)−1 is the function defined between the size and velocity/position along
x-direction and f2 = b(·) is the function defined between the size and velocity/position
along y-direction of the bounding box:

w′t = w′t−1 + a(x′t−1)−1 + b(y′t−1), a, b ∼ N(µi, σ2
i ) (3.31)

h′t = h′t−1 + a(x′t−1)−1 + b(y′t−1), a, b ∼ N(µi, σ2
i ) (3.32)

where a, b follows a standard distribution where both the mean and variance are equal
to 1. Here x′t−1 represents the velocity along the x direction and y′t−1 represents the velocity
along the y direction at time t− 1. The greater the velocity in the x direction changes, the
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smaller the width and height may vary. Therefore we selected an inverse of the distribution
in this function. In contrast, the greater the velocity in the y direction changes, the greater
the width and height may vary. In this way, the previous velocity can be used as a prior
knowledge to distribute the particles. Figure 3.22 (c) (d) shows a sample tracking result
associated with this case study.

Figure 3.22: (a)Result of tracking a walking person using the CPF, where frame numbers
are 5, 10, 15, and 20; (b) Samples propagated, based on case study 1 (N=80); (c) Result of
tracking a walking person using the CPF, where frame numbers are 30, 33, 36, and 40; (d)
Samples propagated based on case study 2 (N=80).

In addition, we compared the proposed approach using hierarchical sampling with the
particle filter approach using traditional importance sampling. The experiment is described
below. To perform a fair comparison, we kept the background and all other parameters; i.e.,
moving rate, size of bounding box and number of particles etc., in both the conventional
particle filter and in our method, the same. From the results shown in Figure 3.23, we can
see that, when the number of particles is equal to 50, the particle filter using the traditional
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sampling method contains more errors in the tracking results. Meanwhile, the proposed
method tracked the person robustly using 50 particles, without generating significant errors,
such as excluding the head or the legs. As shown in Table 3.5, the proposed method has a
better performance since it can achieve a higher success rate. Our experiments prove that
the hierarchical method of importance sampling can serve as a foundation to improve the
performance of the tracking.

Figure 3.23: Result of (a) traditional particle filter tracking using importance sampling
with 50 particles; (b) samples propagated; (c) our enhanced particle filter tracking using
hierarchical importance sampling with 50 particles; (d) samples propagated.

3.5 Discussion

This chapter presented an experimental study on color-based particle filtering (CPF) for
tracking a wanderer in a cluttered environment. A color histogram of the object was used
as a reference to weigh each sample which was propagated by the CPF. The details of the
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Table 3.5: Success Rate for tracking results of experiments on changing dynamic model

Experiment Traditional Particle
Filter

Particle Filter us-
ing hierarchical sam-
pling

Successful
Rate ( %)

60 79.5

CPF were introduced and the performance of the different parameters that also affect the
processing rate were compared. Moreover, different representations of state vectors and
dynamic models were investigated and demonstrated through a parametric study and the
experimental analysis.

According to the results of these experiments, the relationship between different pa-
rameters and their performance have been demonstrated. In summary, when the number
of particles increases, the frame rate of the algorithm decreases. Although more particles
generate more comprehensive posterior PDF estimation, low frame rate results in reduced
continuity in tracking of people’s movement. Meanwhile, varying the size of ROI have a
smaller influence on the performance and frame rate. Moreover, a group of experiments
regarding the different velocity of movement was also conducted. The results show that
the proposed algorithm can achieve satisfactory tracking results for different velocities. In
addition, when the state vector of the target is decreased from 8-tuple to 4-tuple, the track-
ing performance is still acceptable but would meet challenges when the person is moving
away or toward the sensor. When the dynamic model is adjusted into a second-order auto-
regressive model, the set of particles becomes too sparse and hence the method can not
generate satisfactory results. Besides, a hierarchical sampling method was presented in this
chapter using the guidelines of the movement of the object, where an increased proportion
of the total number of particles was generated along the direction of movement. Finally,
we compared the performance of our enhanced method with the traditional methods, and
found that the method we proposed can achieve accurate results with a smaller number of
particles. Our proposed method is more a practical version of importance sampling, lead-
ing to a more effective allocation of particles. In future studies, we intend to enhance the
method with more complex parametric motions.

For the initialization of the particle filter, like most real-time PF-based tracking frame-
works, the ROI is represented as a bounding box and manually initialized in the first frame
at the start of the whole tracking process. The initial starting values {x, y, w, h} are thus
given by the original property of the bounding box. Moreover, three types of initialization
approaches are possible depending on the different prior knowledge of the tracked object;
these are the manually initializing, automatically initializing (using a known histogram as
the target model), or the subject detection algorithm that finds targets of interest without
relying on any external mechanism to initialize the object. In the future, automatic initial-
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ization may be considered for the proposed method. For example, if the color histogram of
the target is known, a series of samples can be placed uniformly or with some pre-defined
rules; e.g., at the most likely positions such as doors and borders, in the whole image.
When the target enters the scene in the FOV of the sensor, the Bhattacharyya distance be-
tween some sample points should be much greater than others in the frame. The proposed
approach can then automatically detect the target whenever it enters the scene. More-
over, some existing detecting schemes, such as face detection using support vector machines
(SVM) to find the location of a person can then calculate the color histogram to initialize
tracking. Such schemes can also be adopted to implement an automatic initialization in the
particle filter. Existing collections of "face" and "non-face" classes provided in open-source
libraries can be used to train the SVM, and an image region can be specified whether it
contains faces or not. As a result, when a face is detected, the PF-based tracking can be
initialized at this position.

Besides the dynamic model, which is used in the proposed method, other models; e.g.,
motion with random velocity, can also be applied for different applications. For example,
in [32], as the movement and size of the object is are modeled based on a random walk
pattern, the dynamic model used in their tracking framework is defined as:

xk = xk−1 + wk−1 (3.33)

where xk is the state vector at time k, and the stochastic component is defined as the
noise vector wk−1 which is a zero-mean Gaussian value. In their case there is no deterministic
component in the dynamic model. They used the simplest models and the smallest amount
of prior knowledge to stay independent of a particular application.

One of the main disadvantages using color histogram for metric is that this represen-
tation is dependent of the color distribution of the tracked object, but independent of its
texture and shape. For example, a red and white cup have similar color distribution as a
red and white plate, thus it is hard to distinguish them using only color histogram. More
precisely. color histograms have the potential to be the same for two objects which has
different content but happens to have similar color information. In contrast, similar objects
with different color distribution might be indistinguishable based on color histogram com-
parisons without considering shape or spatial information. Another potential drawback of
using color histogram for metric is its high sensitivity to noisy interference such as illumina-
tion variation and background similarity. Although there are drawbacks of using histograms
for indexing and classification, using color in a real-time system has several advantages. One
is that color distribution information is faster to compute compared with other color-based
features like contour or appearance model. Moreover, it can also be combined with other
features to improve the robustness for object tracking.
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Chapter 4

Tracking using the Depth Sensor

In this chapter, we present tracking points of extremities using the depth sensor. Points of
interest are first initialized on the body extremities and then tracked using the depth-based
particle filter (DPF). Two different methods are proposed for defining a metric to weigh all
of the propagated particles. This chapter is organized as follows: Section 4.1 introduces a
series of pre-processing steps for the raw depth images. Section 4.2 presents the spin image
method used in the proposed tracking approach for measuring depth information. Section
4.3 presents the notion of geodesic distance, which is another metric used in the tracking
system. Section 4.4 presents the criteria for particle selection, where particles that belong
to the background are discarded during the tracking process. Finally, Section 4.5 goes over
the results and presents a conclusion for depth-based tracking.

4.1 Depth Image Preprocessing

Traditional methods of foreground segmentation for indoor applications are generally based
on RGB cameras. These methods can achieve good performances in ideal conditions; e.g.,
constant illumination, uncluttered background, and high contrast between foreground and
background. In general; however, these assumptions present difficulties given more realis-
tic and challenging scenario as when trying to detect a person under a natural cluttered
environment.

As stated previously, our method consists of a cascaded sensor framework, where the
depth and RGB sensors complement each other. Combing the data from both camera
sensors can lead to a more robust human detection or tracking methodology. In the previous
chapter, we introduced the notion of Kinect body index frame and explained why we did
not use it in our proposed framework (refer to Section 2.4). In this section, we describe
a new depth segmentation approach. In our proposed algorithm, the surface mesh of the
target is also generated during pre-processing for further analysis.
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4.1.1 Depth Data Filtering

Many studies have focused on 3D reconstruction of the subject using RGB-D sensing devices
such as structured light cameras, time-of-flight cameras, and laser scanners. Compared to
existing 3D sensing devices, the Kinect sensor is a consumer-grade RGB-D sensor product
originally designed for natural human interactions and gaming. Since it can capture satis-
factory RGB and depth data in real-time, at a relatively affordable cost, it is widely used
in tracking application studies.

Figure 4.1: An example of raw Kinect data on the depth frame coordinates. The black
pixels in the boundary region and the holes represent the missing depth information.

Although the Kinect sensor has many advantages over other types of RGB-D sensors, it
also has some drawbacks. For example, since the speckle pattern from the IR transmitter
on a Kinect sensor cannot cover subtle detail, it causes occlusion regions and errors in the
boundary areas where the depth data is discontinuous. To further improve depth data
processing at the second level, a series of pre-processing stages is needed to reduce the
noise. Moreover, since the depth sensor on the Kinect device uses infrared data, the object
surface that is not able to reflect IR due to its absorptive, transparent, translucent, or silky
properties, creates challenges for obtaining accurate depth laser patterns [148]. Figure 4.1
shows a typical example. In this depth image, holes represent the unknown region where
the Kinect sensor cannot capture any depth information. A possible reason for this could
be that the infrared laser is absorbed in that area. For some points, the sensor is unable to
measure their depth, which then sets their associated pixel values in the depth frame to 0.
These points can be considered as inevitable noise, which must be taken into account as a
part of the preprocessing of the data. Thus, the first step in the preprocessing stage is to
recover their true depth value to reduce the interference.
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Missing pixels exist as pixels whose depth value is 0 in the acquired depth frame. Hence,
the method to best fill in this missing data must be explored. Many methods can be used
for interpolating images. A median filter in the form of a 3 × 3 window is applied to
the depth frame because of its simplicity and low computational load. First, we define
I(i, j), 0 ≤ i ≤M, 0 ≤ j ≤ N ; where M,N represent the number of rows and the number of
columns in the depth image, respectively. In the nearest-neighbor interpolation, the value of
a missing pixel I(x, y) is set to be the median value of all the neighboring non-missing pixels.
Excluding the boundary regions associated with the scene, the space associated with the
tracking object is considered to be continuous on its surface area. More precisely, the depth
value of a missing pixel is most likely to be similar to its neighboring pixels in most cases. In
certain cases, the depth data is not continuous and the nearest-neighbor interpolation might
generate errors, as when a missing pixel appears on the boundary region; i.e., the boundary
between a human body and a hand held above the body. The most important feature of the
median filter is that it preserves edges while removing noises. The basic principle for this
filter is to replace the value of a certain point with the median of its neighboring points.
This method uses a two-dimensional window that moves point-by-point through the image
area. To reduce the computational cost, the median filter is only performed on the zero
pixels within the ROI results from the previous level (Chapter 3). The filter window begins
by going along the first row from P (0, 0) to P (0, 424) (Figures 4.2 and 4.3) and then moves
to the next line until it passes all the data in the rectangle area. Equation (4.1) represents
the mathematical form of the median filter.

H(p22) = median


p11 p12 p13

p21 p23

p31 p32 p33

 (4.1)

Figure 4.2: Illustration of a median filter used in the pre-processing stage of depth-based
tracking
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Figure 4.3: An example of two surfaces, i.e., part of the surface associated with the face and
the background wall, beside each other and the boundary points to show how the median
filter works and preserves the edge.

4.1.2 Human Body Segmentation

To track a point of extremity on a given body part, a surface mesh should be generated
on the local patch of a point cloud, which forms the extracted human body. Each point of
the point cloud is associated with three values (x, y, z), where x, y are the coordinates with
respect to the depth frame coordinate system, and depth value z indicates its depth distance
with respect to the depth sensor. In the depth frame coordinate system, (x, y) represents
the row and column location of a pixel where x is the column and y is the row (Figure 4.4).
In this coordinate system, (0, 0) corresponds to the top left corner of the depth frame and
(511, 423) is the coordinate for the bottom right corner. The direction of the z-axis is also
shown in Figure 4.4, which is pointing toward the camera. The mapping between the pixel
unit in the depth coordinates and the physical unit in the real-world coordinates is done in
the depth calibration step, shown in Section 4.1.4. The synchronization of color and depth
frames is shown in Section 5.1.

Depth segmentation is performed based on the surface graph representation. In the
proposed method, a polygonal surface mesh is stored as a undirected graph in the data
structure. The graph, in the data structure view, is defined as a set of vertices and a
collection of edges that each connect a pair of vertices. An undirected graph is a graph
in which all the edges are bidirectional. An undirected graph is sometimes also called an
undirected network in graph theory. In contrast, a graph in which the edges point in a
direction is known as a directed graph. When visualizing an undirected graph, the edges
are typically drawn as lines between pairs of nodes (Figure 4.5). The undirected graph in
this depth segmentation algorithm is defined as Gh = (Vh, Eh), which consists of the set Vh
of nodes and the set Eh of edges, which contain unordered pairs of elements in Vh. When
transforming and storing the depth pixels inside the ROI into an undirected graph, each
pixel is stored as a vertex. For each pair of neighboring pixels, the distance between their
depth values, ||z1−z2|| is stored as the weight of the edge between them. During the surface
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Figure 4.4: Illustration of the coordinate system in a depth frame.

graph constructing process, if the weight of the edge is less than a pre-defined threshold,
the pair of vertices is considered as connected. Otherwise, their relationship is considered
as isolated. Here, the pre-defined threshold is set as 10 mm. After completing the graph
construction, all points inside the ROI are stored as an undirected graph and prepared for
the subsequent processing steps.

Figure 4.5: Visualization of an undirected graph structure, where the navy-blue dots rep-
resent the nodes (vertices) and the blue undirected lines represent the edges in the graph.

The integrated depth segmentation algorithm is demonstrated in the following. The
key in this step is checking the depth continuity of the generated graph, finding all the
separated depth clusters, and then returning the largest clusters of these. Given the points
inside the ROI indicating the location and coarse spatial range of the human body, the
foreground segmentation fully uses the result from the CPF layer and incorporates it with
depth information to decrease the computation cost. To begin, the depth-first search (DFS)

72



algorithm is performed to find the largest depth cluster, which is considered to be the human
body inside the bounding box area. This is based on the assumption that the largest
connected point cloud represents part or all of the human body in the ROI defined from
the previous level. This assumption may fail in certain scenarios, such as self-occlusion
(e.g., Figure 4.6), where the point cloud of the right foot is not connected to the left
foot. DFS is an algorithm that can be used to traverse all of the vertices and to find the
connected components in an undirected graph [138]. According to graph theory, a connected
component (also known as a cluster) is the sub-graph of an undirected graph, where any
two vertices are connected to each other by paths. The process starts at an arbitrary
root node and explores as far as possible until it reaches an end node with no more nodes
connecting to it along each branch before backtracking. More details of this algorithm and
its C++ implementation can be found in Appendix H. Given the graph representation of
the points inside the ROI, this step can return the largest connected point cloud that is
also the sub-graph representing the human body inside the ROI. The main idea behind the
DFS algorithm is explained in the following and Figure 4.7 depicts an visualization of DFS
segmentation.

Figure 4.6: An example of self-occlusion scenarios where a small proportion of the left leg
is occluded by the right leg of the person.

After performing DFS algorithm, each pixel is labelled as 0 or 1, depending on whether
it belongs to the background or the human body. This process is performed at the beginning
of preprocessing stage to the depth data inside the bounding box area at each update cycle.
Figure 4.8 depicts an visualization of depth segmentation.
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Algorithm 1 Depth Segmentation using DFS in the ROI
Input: A graph G and a starting vertex v of G
Output: All vertices reachable from v labeled as discovered

1: Stack S := ; ( start with an empty stack )
2: for each vertex u, set visited[u] := false;
3: push S, v;
4: while (S is not empty) do
5: u := pop S;
6: if (not visited[u]) then
7: visited[u] := true;
8: for each unvisited neighbour w of u
9: push S, w;

10: end if
11: end while
12: end DFS

Figure 4.7: Visualization of DFS segmentation: (a) Result given by the CPF layer to
extract the human body from the background inside the bounding box; (b) Example image
during the DFS iteration process; (c) Example image during the DFS iteration process; (d)
Example image of the DFS result. The red blob is the extracted connected components
formed with points representing the human body. Two black dots represent two example
pixels, where one pixel is labelled 1, indicating that this pixel belongs to the human body;
and another pixel is labelled 0, indicating that this pixel belongs to the background.
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Figure 4.8: An example sequence of results associated with depth segmentation that includes
both depth image preprocessing and use of DFS to find the largest connected component.
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4.1.3 Human Body Subdivision

To enable further appearance-based body part matching between successive occurrences of
the tracked person, we attempt to extract a surface mesh on a local patch of the point cloud.
Local mesh generation is initiated by detecting the location of the head and shoulder region
based on a human silhouette inspection method. Given the head and shoulder regions,
locating the torso and leg regions can easily follow because the normal shape of a human
body has relatively fixed length ratios between each body part [11]. The body subdivision
step is designed based on the coordinates of the bounding box as shown in Figure 4.9. The
origin (x = 0, y = 0, z = 0) is located at the top left corner of the bounding box. The x
axis grows to the left, the y axis grows down and the z axis grows out in the direction the
sensor is facing.

Figure 4.9: Illustration of the coordinate system in the bounding box.

Given the the coordinates of the bounding box, the segmented human body is checked
row-by-row along the direction of the y-axis to calculate the silhouette width in each row.
Silhouette width associated with a certain row is the number of pixels between the first pixel,
which belongs to the human body and the last pixel, which belongs to the human body
in the same row. An example silhouette widths of different rows are shown in Figure 4.10
(a). Figure 4.10 (b) shows a silhouette width histogram, where the x-axis denotes the index
number of rows inside the ROI and the y-axis denotes the associated silhouette width of that
row. We assume that the head region normally occupies a region not larger than 1/3 of the
whole body. By narrowing the search area to the top 1/3 of the segmented human figure,
we can also reduce the cost of computation for locating the head regions. For example, 150
lines of pixels form the whole human body and the neck region is assumed to be within
the first 50 lines of pixels, which is the searching area. Starting from the uppermost row
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and continuing scanning along the horizontal direction to find the position of the global
minimum, gives an indication of approaching the neck, which should be the bottom of the
head region.

(a) (b)

Figure 4.10: a) An example of silhouette width of different rows. The red bounding box
is acquired from the previous level. The extracted human body region inside the ROI is
plotted with red points and the silhouette of the body is shown by white points; b) an
example of a silhouette width histogram, calculated from the human body shown in the left
figure.

Two typical examples are illustrated in Figure 4.11. The first example is a frontal view
of the person, and the second example shows a left side walking posture. The silhouette
width histograms of both objects are depicted in the right column. The blue dot indicate
the position of the local minimum in the curve of the silhouette width histogram. The left
column shows the body segmentation and the dividing results in the RGB images. The
right column shows the segmented human body in the corresponding depth images. Since
the width of the neck is less than the width of the head and shoulder region, the position
of the neck can be retrieved from the frame coordinates, by locating the global minimum
in the corresponding width curve.

4.1.4 Depth Calibration and Mesh Generation

After the preprocessing stage, pixels that define the human body are selected. Nevertheless,
these pixels are defined with respect to pixel coordinates. Constructing the pixel-to-world
transformation is known as depth calibration. To construct the depth calibration, a cali-
bration model and parameters are used to map the points defined in the pixel coordinates
and the world coordinates.

The parameters that are used in calibration can be classified into two categories: extrin-
sic parameters and intrinsic parameters. Among these, the extrinsic parameters are used to
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Figure 4.11: a) Two examples of human body head region detection. The red regions
indicate the segmented human body where the blue line indicates the approaching neck; b)
The silhouette width histogram of the human body in the right row. The blue dots indicate
the position of the neck.

transform the 3D world coordinates to the 3D camera coordinates. In this proposed track-
ing framework, since the world coordinates are defined to coincide with the depth sensor
coordinates, the origin is at the camera center and the coordinates are oriented along the Z
axis of the depth sensor coordinates. Consequently, only intrinsic parameters, the effective
focal length parameters (fx, fy) and the image center parameters (cx, cy), are used in the
calibration.

An example of pinhole camera model is shown in Figure 4.12. For the basic pinhole
camera model, 3D points in world space are projected onto an image plane placed at a
position in the depth sensor frame. Figure 4.12 shows a sensor model with O as the center
of its coordinate frame with its principal axis parallel to the Z axis.
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Figure 4.12: Visualization of the basic geometry of a pinhole camera model with the center
of projection O, P (X,Y, Z) in the 3D world coordinates and p(x, y, Z) in the image plane.

In the pinhole camera model, a 3D point P = [X Y Z]T is projected on the camera
image plane at position P : [x y Z]T , where x, y denotes the column and row, respectively
(Figure 4.12) by:


x

y

z

 =


fx 0 cx

0 fy cy

0 0 1



X

Y

Z

⇒
X = Z(x−cx)

fx

Y = Z(x−cy)
fy

Z = depth

(4.2)

where (x, y) is the location of the point with respect to the depth image; Z is the distance
between the Kinect device and the object; (fx, fy) are the focal length parameters for the
depth sensor; and (cx, cy) are the principal point offset parameters. As the RGB-D sensor
used in our method is Microsoft Kinect for windows version II, using the method introduced
in [53], the intrinsic parameters of the depth sensor, are estimated as in Table 4.1. Moreover
the RGB sensor on the same Kinect device has a similar calibration method.

Table 4.1: Calibration results of intrinsic parameters estimation

Calibration variables Results
Image center (pixel) (cx, cy) = (255, 205)
Focal Length (pixel) (fx, fy) = (365, 365)

Using the intrinsic parameters and the corresponding (x, y) of each point, the (X,Y )
value can be calculated. After the depth calibrations for all points of the human body, the
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new 3D point cloud is generated in the world coordinate system for the next step of the
surface mesh acquisition.

After merging the point cloud of the body in the foreground segmentation step (Section
4.1.2) and the depth calibration, a surface mesh can be created using the triangulation
method for the surface. During surface mesh triangulation, each point becomes a vertex
and edges are created from neighboring vertices on the mesh. This process goes through
all the vertices in the biggest depth cluster and checks each pair of neighboring vertices
separately. For every two vertices (p, q) inside the ROI, an edge is generated between them
if and only if the following two rules are satisfied: (a) their corresponding pixel locations
are neighbors in the bounding box coordinate system; and (b) their 3D Euclidean distance
d(p, q) =

√
(Xp −Xq)2 + (Yp − Yq)2 + (Zp − Zq)2 does not exceed a threshold. (Here, the

threshold is set to 15 mm.) This threshold is set to avoid connecting two vertices that do
not belong to the same object but are next to each other in the depth image plane; e.g., the
pixels in the contour of an arm that is in front of the torso and their neighboring pixel that
belongs to the torso. A schematic of the surface mesh generation is shown in Figure 4.13.
Figure 4.14 shows the result after depth calibration and surface mesh generation in the
world coordinate system.
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Figure 4.13: Flowchart of the surface mesh generation used for DPF layer.
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(a) (b)

(c)

Figure 4.14: a)-b) Different views of the calibrated point cloud of the human body in world
space; c) Mesh generation from the extracted and calibrated point cloud.
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4.2 Weighing Particles in the Depth Image: Method of Spin
Image

The first level in our cascaded particle filter is the implementation based on a CPF. As
shown in Chapter 3, the method can track a person within a bounding box. Nevertheless,
tracking the overall area of the human body is not sufficient since, in general, more detailed
information about the various body parts is needed for further gait analysis. Since a human
body can be modelled as an articulated model with high degrees of freedom, robust tracking
of each limb of the body in real-time is difficult and time-consuming. On the other hand,
the position of body limbs can be represented with points of extremities. By tracking the
points, it is possible to reconstruct the limbs and the body posture.

Given the surface point cloud of the tacked person and the associated points of the
extremities, a new PF framework can be defined to track not only the whole human body but
also certain limbs. The points of extremities can be selected manually in the initialization
stage. The second level of the cascaded particle filter is accomplished in the form of a
depth-based particle filter (DPF). The spin images of the generated particle points around
the body extremities are compared (weighed) with the spin image of the predefined points,
representing the body extremity. The DPF propagates the set of samples based on the
dynamic model in the second level and gives weight to samples by a spin image similarity
metric, as described in the following sections.

4.2.1 Generating Spin Image From Surface Mesh

As described in [49] and Appendix G, spin images are generated from the point cloud or
surface mesh. When generating a spin image using the surface mesh, a crucial parameter
is mesh resolution. Normally, mesh resolution is defined as the distance between connected
vertices; namely, the length of edges in the surface mesh. More precisely, given a patch
of surface mesh, mesh resolution can be defined as the mean edge length over all of the
edges in the mesh. For the created coarse mesh (shown in Figure 4.14 (c)), the resolution
of a polygonal surface mesh is related to the total number of vertices and edges in the
mesh. The resolution also indicates the amount of details contained in the surface mesh.
More precisely, a coarse resolution usually contains a small number of vertices, while a
fine resolution contains a relatively large number of vertices. This definition is used for
discussing the parameters during the process of generating spin images in the following
sections.

The spin image that is associated with a certain point on a 3D object is used as a refer-
ence for weighing the generated samples during the sample propagation stage of PF (refer
to Section 2.1). A spin image is a 2D image that captures the 3D geometric information in
the surrounding neighborhood of an oriented point. An oriented point O is defined using
the 3D position of the vertex p and a normal vector n at the vertex[63]. The notion of an
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oriented point is used to generate the spin image of a 3D object. As shown in Section 4.1,
p is calculated by transforming the depth value in the image frame coordinate system into
its position in the world coordinate system. In computer graphics, the normal vector n of
each vertex is estimated using the relative positions of its neighboring vertices. Since the
1970s, various algorithms have been proposed to compute vertex normals. The methods
differ from each other, but they have a principle in common which is to weigh adjacent face
normals around that vertex. In this thesis, we adopt the most common method, referred
to as Mean Weighted by Angle (MWA) to compute the vector using the surface normals
of the neighboring faces that contain that vertex. Equation (4.3) is used to calculate the
vertex normals, where ni is the face normal of the ith face and ωi is its weight factor. In the
MWA algorithm, ωi = αi, where αi is the angle between two edges of the ith face sharing
that vertex (Figure 4.15). Subsequently, the method presented in [63] is used to determine
whether the direction of the normal vector is inside or outside. As mentioned in Johnson’s
work, if the surface was created from a sensor with a single viewing direction, the oriented
points should be oriented to the outside of the object surface and the direction can be cho-
sen as that pointing toward the sensor. After p and n are calculated, the oriented point O
can be represented as O = (p, n).

n =
∑n
i=1 ωini

‖
∑n
i=1 ωini‖

(4.3)

Figure 4.15: Illustration of method to calculate a vertex normal using mean weighted sum
of the surface normals by angle.

Generating a spin image for an oriented point O, can be described as a mapping for each
point SO : R3 → R2 on the patch of the surface mesh. The mapping process transforms
the position of each point on the surface mesh x εR3 (refer to x in Figure 4.16) to a new
position SO(x) ε R2 in the spin image coordinate system (refer to SO(x) in Figure 4.17),
using Equation (4.4).
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S0(x)→ (α, β) = (
√
||x− p|| − n · (x− p)2, n · (x− p)) (4.4)

In this equation, S0(x) is the spin image map and x is a 3D point. Two axes in the
spin image coordinate are α and β, where α represents the perpendicular distance between
any other point in the point cloud and the normal vector of the basis point. β is the
signed perpendicular distance of this point to the basis plane p (refer to Figure 4.16). The
visualization of creating a spin image is shown in Figures 4.17 and 4.18.

After calculating (α, β), the pixels next to the calculated point in the spin image are
then increased and weighed by bilinear interpolation [63]. This step is conducted to spread
the position of the point in the 2D spin map array to account for the noise in the data,
making the array less sensitive to the position of the point. When performing the bilinear
interpolation to a certain pixel (a, b) inside a spin image bin, the intensity of four neighboring
pixels are increased following Equation (4.5). This step is depicted in Figure 4.17.

I(i, j) = I(i, j) + (1− a)(1− b)

I(i+ 1, j) = I(i+ 1, j) + a(1− b)

I(i, j + 1) = I(i, j + 1) + (1− a)b

I(i+ 1, j + 1) = I(i+ 1, j + 1) + ab

(4.5)

Figure 4.16: An oriented point basis created at a vertex on a surface mesh, where the
position of the point is the 3D position of the vertex and its direction is the surface normal
at the vertex. α is the perpendicular distance to vector L and β is the signed perpendicular
distance to the plane p.

Several parameters can be adjusted when generating a spin image, such as: the support
angle, support distance, and image width. More details for choosing an adequate value for
these parameters are shown in Appendix G. Details of the C++ code implementation for
spin image generation can also be found in this appendix. The names of the variables in
the pseudo-code have are also shown in the appendix.

85



Figure 4.17: An example of bilinear interpolation mechanism, where the intensity of four
neighbor pixels, to a certain pixel (a, b) inside a spin image bin, are increased [63].

Figure 4.18: a) A gray-scale image of the depth frame; b) An example spin image created by
accumulating 2D points in discrete bins in the spin map. The darker the pixel, the higher
the number of points projected into that particular bin in the spin map; c) A gray-scale
image of the local patch of the spin image; d) The generated spin image.
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4.2.2 Comparing Spin Images

After calculating the spin image for each particle, the similarity between each generated
spin image and the reference spin image is then measured. A definition of measurement is
required to compare the similarities. A standard method called correlation coefficient for
comparing images is hence introduced. Given two spin images, named A and B, which have
the same number of total bins, N , their correlation coefficient is calculated from Equation
(4.6):

R(A,B) = N
∑
aibi −

∑
ai

∑
bi√

(N
∑
a2
i − (

∑
ai)2)(N

∑
b2
i − (

∑
bi)2)

(4.6)

where ai and bi are the ith bin in spin image A and B, respectively. Correlation coeffi-
cient R(A,B) varies from -1 to 1, where -1 means completely not correlated and 1 means
completely correlated. When R(A,B) is low, the two images are not similar; when R(A,B)
is high, the two images are relatively similar. The linear correlation coefficient provides
a measure to compare two spin images. This metric holds when comparing spin images
generated from a complete surface mesh of a 3D object to another spin image which is also
generated from a different but complete surface mesh of an object. In our case, however, the
3D surface mesh of the object is not completed as the depth image is taken from the depth
sensor from a single view. Intuitively, a more appropriate method is supposed to discard
portions of the images that do not appear in both of the spin images being compared. More
precisely, if a bin does not have value in either of the two compared images; i.e., no vertex
is mapped into this bin, then the bin should be ignored when computing the correlation
coefficient. In other words, the value used to compute the correlation coefficient is taken
only from the overlapped region between two spin images. Since the linear correlation co-
efficient is a function of the total number of pixels used to compute it, if the correlation
coefficient is used solely when two spin images that have small overlap but are much more
similar in the overlapping area, they may have a higher correlation coefficient than another
two spin images that have a large overlap but are less similar in the overlapping area. Ide-
ally, when more pixels are used to compute the correlation coefficient, the calculated value
should have more confidence. In other words, a group of two spin images that have more
overlap should be set as a higher mark since the calculated coefficient has more confidence.
Hence, a more accurate similarity measurement is defined as C, which considers both the
correlation coefficient R and its variance. Given two spin images A and B, their similarity
measure is defined as:

C(A,B) = atanh(R(A,B)2 − λ( 1
N − 3)) (4.7)

where R is the calculated correlation coefficient; N is the number of overlapped pixels
between two spin images; and λ is designed to limit matches between spin images that have

87



less overlapping area. From Equation (4.7), when the number of overlapped pixels N is
much larger than λ, the second term is negligible. On the contrary, when N is much less
than λ, the metric is controlled by the second term. As a result, the value of λ must be
set close to the overlap between spin images to be calculated. The following criteria were
proposed in [62], λ is set to be half of the median value of the number of bins that have
data in all the spin images to be compared.

Figure 4.19 illustrates how spin image, which is generated from different oriented points
based on the same surface mesh, are compared. In Figure 4.19 (a), (d), and (f), an oriented
point A is selected from the human body surface and its associated spin image is shown. In
Figure 4.19 (c), (e), and (h), two different oriented points are selected from the same human
body and their spin images are also visualized. Points A and B are selected from similar
positions, whereas points A and C are from relatively different positions. Thus, the spin
images of points A and B are similar, as shown by their correlation map. The correlation
maps (see Figure 4.19 (b) and (g)) are created by plotting the pixel values in one image
versus the corresponding pixel values in the other image. This is an effective method for
visualizing whether or not two images are linearly correlated. For points A and B, the spin
image correlation map shows a large region of similarity. Nevertheless, for points A and C,
since they come from positions that are not similar, their spin images are also not similar.
The correlation map of their spin images has a relatively small region of overlap, indicating
less similarity.
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Figure 4.19: Comparison of spin images using correlation map between similar and not
similar points (a) Spin image generated from point A; (b) Spin image correlation map (A-
B); (c) Spin image generated from point B; (d) Red point denotes point A; (e) Red point
denotes point B and yellow point denotes point C; (f) Spin image generated from point A;
(g) Spin image Correlation Map (A-C); (h) Spin image generated from point C.
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4.2.3 Spin Image used in DPF

In a depth-based particle filter, each sample is represented by a 3D point, whose state
vector, Pt is defined as a 4-tuple vector Pt = {xt, yt, x′t, y′t}, where (xt, yt) is the location
of the point at time t and (x′t, y′t) is its instantaneous velocity. Like in the previous level,
the set of samples is propagated based on the system dynamic model. Meanwhile, at every
time instance, points are generated based on the movement of the previous time instance.
Subsequently, each sample point is weighted by measuring the similarity between the spin
image of the sample and the spin image of the reference point. The sample with the highest
weight is taken as the current state of the target point. These samples are then updated
and propagated to estimate the state at the next time instance.

Figure 4.20: a) Estimated state of the point of extremity (solid red circle), with frame
numbers 1, 17, 31, and 65; b) Samples (red circles) propagated by the cascaded PF indicating
the possible states of the wandering person (number of particle points is equal to 60).

Algorithm 2 Weighing Particles in Depth Image: Method of Spin Image
Input: Manually select an initializing body extremity point pr in the first frame
Output: Estimate point position in the current frame

1: Preprocess: initialize a set of points pt = {xt, yt, x′
t, y

′
t}, and calculate the spin image of point

pr as a reference
2: Process: iterated by setting t = t− 1
3: Generate particles for sampling, transform each point (p, n) in the 3D point cloud into a 2D

position (α, β) to create the spin image (total number of particles N2 = 60).
4: Bilinear interpolation to increase the value of corresponding pixel in the spin image
5: Calculate the similarity between reference and sample spin images
6: Choose particle pt with the highest weight as the current state of the system
7: Update each particles
8: return pt

Figure 4.20 shows a group of tracking examples regarding the depth-based PF tracking.
In the first row, the red rectangle shows the CPF tracking result. The solid red circle
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represents the DPF tracking result. The point is first initialized on the right hand, and
then tracked in each frame. The bottom row shows samples propagation using proposed
methods. From the results it can be seen that the whole system can track both coarse body
area and extremity point on human body during the movement.

4.3 Weighing Particles in Depth Image: Method of Geodesic
Distance

In the previous section, given a point of interest on the human body, spin image is used
to associate weighing with the sample distribution. The objective of the second method
of implementing DPF is to define and study another approach to associate weights with
the sample distribution. Hence, in this section, a new feature is used as part of tracking
the point of extremity in the depth frames. Feature extraction is performed to the set of
samples, which are presented as vertices on the human body surface mesh.

Considerable research has described the traditional local color-based approaches for
defining features, which are sensitive to such deformations. In addition, a number of s-
tudies have demonstrated that model-based tracking features are also restricted, mainly
because of their high computational cost since the human body is modeled as an articu-
lated object with high degrees of freedom. Given that the Euclidean distance between two
body points can vary widely with body movement in 3D space (also inspired by the concept
of Accumulative Geodesic Extrema [110]), we used geodesic distance as another measure of
depth feature. The geodesic distance between two points on the body; e.g., the distance
from the nose of a person to his right hand along the body surface, is invariant and inde-
pendent of different postures. In other words, the condition holds if the body surface has
deformations or transformations during the tracking process, when the distances along the
surface mesh between these points of interest and the reference point remain unchanged.
Therefore, during the sample propagation, a weight factor can be associated with the sam-
ple distribution with regards to how much they deviate from the distance defined in the
initial definition of these points. Such approaches are robust against mesh deformations,
translations, and rotations.

Constructing a surface mesh from the point cloud of the human body allows us to
measure the geodesic distance between each point selected on the body surface and the
reference point. Geodesic distance [92] is defined as the sum of the length of edges in the
shortest path connecting two vertices in a graph. Two points are selected on the surface of
the human body in the initial frame. One point is defined as the reference point, pr, which
is used to measure the geodesic distance between this point and any other sample point pt.
The reference point can be initialized on the centroid of the human body or the apex of the
head. The other point represents the body extremity and for example, can be selected on
the hand.
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Dijkstra’s algorithm [17] is performed to calculate the geodesic distance between the
reference point and other particles on the surface mesh. Dijkstra’s algorithm is designed
to find the shortest path between different nodes on a graph; i.e., the surface mesh in our
case. This algorithm can vary in different versions, where the original version only finds the
shortest path between two nodes. In our approach, a node is fixed as the source node and
the algorithm is then performed to find the shortest paths from the source node to all other
nodes on the graph, producing a list of shortest paths. In the software implementation of
this algorithm, at the initialization stage, two sets are maintained where one set contains
vertices whose shortest path has already been found, and the other set contains vertices
whose shortest path has not yet been found. Then, during each iterated step, a node in the
second set (the set containing vertices are not yet included) which has the minimum distance
to the source node, is selected and put into the first set. A more detailed explanation of
this algorithm and its pseudo-code is shown in Appendix H. The runtime of Dijkstra’s
algorithm is O(|E| + |V |log|V |) for every iteration, where |E| represents the number of
edges in the graph and |V | is the number of vertices. More precisely, in our approach, the
8-neighborhood edge generation (refer to Section 4.1.4) of depth image pixels is used and
the result in terms of the time complexity as O(8n+nlogn), where n is the total number of
vertices. Considering that the number of vertices is bounded by the number of depth pixels
forming the human body, the computational cost is relatively low.

(a)

Figure 4.21: Visual step for calculating the geodesic distance, where the yellow grids rep-
resent the surface mesh reconstructed from the extracted human body, the blue circles
indicate the reference point and the tracking point of extremity, and the red path repre-
sents the calculated shortest path.
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In Figure 4.21, the concept of estimating geodesic distance is described in more detail.
In this figure, the yellow grids represent the surface mesh reconstructed from the extracted
human body. The two blue circles on the human body in the left column indicate the
reference point and the tracking point of the extremity. The red path between the two
circles denotes the geodesic distance along the surface mesh.

Figure 4.22: a) Estimated state of the extremity point (solid circle), with frame numbers
1, 23, 41, and 67; b) Samples (circled point) propagated by the cascaded PF indicate the
possible states of the wandering person (number of particle points is equal to 60).

Figure 4.22 shows a series of experimental results associated with a depth-based particle
filter using geodesic distance as a feature for weighing samples at the second level. In the top
row, the blue circle demonstrates tracking results of extremity point. In this experiment
the reference point is initialized on the apex of the head. The bottom row shows how
the samples are propagated which are plotted with a set of distributed circles in different
locations.

Algorithm 3 Weighting Particles in Depth Image: Method of Geodesic Distance
Input: Initialize two points manually, one is the reference point pr where the geodesic distance

starts from; the other is pt is the tracked point
Output: Estimate the point position of pt in the current frame

1: Pre-process: initialize a set of points Pt = {xt, yt, x′
t, y

′
t} and geodesic distance between pr and

pt as reference
2: Process: iterated by setting t = t− 1
3: Sample points propagated
4: Perform Dijkstra’s algorithm to calculate the shortest path from the reference point pr to the

set of sample points pi.
5: Weigh each sample, sample pt with the biggest weight is selected as the current state of the

target
6: Update each particle
7: return pt
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4.4 Particle Selection during the Tracking Process

One of the important steps during the tracking process is checking whether or not the
generated particles are on the surface mesh. This step is necessary and critical for two main
reasons. First of all, only if a sample that is generated based on the transition model is
identified as a point on the human body, will the following calculations for different features
make sense. Second, by discarding the particles that do not belong to the surface mesh in
advance, the extra cost of weighting the points can be avoided. As a result, the discarded
particles will no longer cripple the computational speed.

In Figure 4.23, the steps for particle generation and selection during the tracking process
are illustrated step-by-step. At the beginning of each iterated particle filtering calculation,
a set of particles are generated based on their state at the previous time instance and the
system transition model. Then, a series of preprocessing steps are conducted. The generated
set of particles are visualized by blue circles in Figure 4.23 (a). In the depth segmentation
step, the pixels that form the human body are selected and labeled as 1, while the rest of
the pixels inside the bounding box are labeled as 0. The extracted pixels that belong to the
human body are plotted using binary pixels (Figure 4.23 (b)). The set of particles are then
checked one-by-one to see whether or not their positions fall within the human body area.
If so, they are reserved for further calculations. Otherwise, they are discarded to reduce
the overall computational cost. After this step, as shown in Figure 4.23 (c), the generated
points that are used for feature extraction are plotted as red circles and the points that are
not used are visualized as blue circles. As a result of the particle selection steps described
above, the set of particles used in DPF can be selected and reserved for further analysis.
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Figure 4.23: (a) 100 particles are generated and propagated; (b) the human body region
being extracted; (c) the set of samples is checked one-by-one to see if it is on the human
body. Red points denote samples that are reserved for further calculation, while blue circles
represent the samples that are not selected.
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4.5 Discussion

In this chapter, approaches were presented for tracking marked feature points of interest
in the depth frames. Two approaches are proposed for associating a measure (weight) with
the distribution of the estimates (particles) of the tracking feature points using depth data.

In the overall depth-based tracking method, the preprocessing steps play an important
role since the raw depth frame acquired from the Kinect depth sensor inevitably contains
noise. As a low-cost range sensor that is an attractive alternative to the expensive laser
scanner, the Kinect depth camera can provide good quality range data though it may
still suffer from random errors in the dataset. The correction of systematic errors is a
prerequisite for processing the depth data, and it depends on identifying the mathematical
model in the depth measurement and calibration parameters. In Section 4.1, a depth data
filtering step using a median filter was applied to the depth data inside the ROI. After
this step, the vacuum points in the raw depth data are filled and the edges of the object
are also preserved. Given the bounding box that is acquired to represent the location and
coarse spatial range of the human body, the foreground segmentation is achieved through
incorporating with the depth information to improve the results. The DFS algorithm is
then performed to check the continuity of neighboring pixels and return all of the separated
depth clusters. The largest depth cluster inside the bounding box area is considered as the
human body. During this step, each pixel is identified, whether or not it belongs to the
human body. This step also contributes to the subsequent tracking process by ensuring
that the set of particles used to estimate the state of PF is on the surface of the human
body. Moreover, the computed pixel location (x, y, z) in the depth image must be mapped
to the (X,Y, Z) defined in world coordinates to construct the 3D surface mesh. After a
depth calibration, the mesh generation process is conducted to transform the point cloud
into a surface mesh of the extracted human body.

After the pre-processing steps, the features used to implement the depth-based tracking
were presented. The first type of feature extracted for weighing samples is the spin image,
which is a 2D image that can capture the information in the neighborhood of a point
belonging to a 3D object. Subsequently, a measure metric is proposed to calculate the
similarity between spin images and each sample is then weighed. The second feature, which
associates weight to the sample distribution is the geodesic distance. The geodesic distance
between two points on the surface mesh of the human body is relatively invariant and
independent of different postures. Both of these features own their unique properties, with
their own advantages and disadvantages under different scenarios. For example, in our
implementation, spin image was seen to be sensitive to large deformation of postures, and
the computation of the geodesic distance could lead to inconsistent labeling in more complex
scenarios like self-occlusion. In the next chapter, the performance of these two depth-based
PF tracking methods are compared in more detail under different scenarios.

96



In this thesis, since the number of points is not too large, more complicated points
sampling method is not included in the tracking algorithm. In other words, every point
extracted from the human body was used to build the surface mesh. In future work, it
would be useful to describe how much detail (mesh resolution) is needed for constructing a
surface mesh. In other words, what is the balance between the mesh resolution needed for
feature extraction and the descriptiveness of the surface mesh constructed from the selected
points. In future work, some kind of points down-sampling method, such as a box grid filter
or a voxel grid filter may prove to be beneficial. As the number of points decreases, the
time efficiency of the proposed tracking algorithm can be further improved.

In the preprocessing step, the whole region of human body inside the bounding box
area is extracted in order to track body extremeties like hands or head for further activity
recognition. Using standard approaches for human body segmentation in the conventional
RGB image, when the person is standing on the floor, there is usually less problems in
distinguishing the clear boundary between feet and floor plane. For example, many solutions
such as gradient feature [75] can help address this problem. However, in a depth image,
there is no clear differences between the values of the pixels defined at the person’s feet and
at the local patch of the ground around the feet. Hence it is not applicable to identify a
precise boundary between the human body and floor from the depth data array. In one of
the future work, the depth information can be combined with other features to improve the
foreground segmentation methods.
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Chapter 5

Tracking using Cascaded Particle
Filter with RGB-D sensor

In this chapter, the information from the two sensing modalities; namely, RGB sensing and
depth sensing, is cascaded to distribute and share the implicit knowledge associated with
the tracking environment. The proposed cascaded approach for tracking the movements of
a person is based on the notion of a hierarchical particle filter that incorporates two layers
consisting of coarse-to-fine tracking sub-systems. In the first layer (refer to Chapter 3),
while considering the computational time needed to converge to the true state, a sequential
approach is presented to define the importance sampling. The region of interest is repre-
sented by a rectangle bounding box that contains the human body. In the second layer
(refer to Chapter 4), the human body is extracted and the point of interest that represents
the body extremity is tracked. In this chapter, the overall details of the integrated chained
architecture is introduced. The results are presented from a series of case studies using the
proposed methods and different features for tracking under various conditions.

This chapter is organized as follows: Section 5.1 presents the calibration and synchro-
nization for the RGB and depth sensors. Section 5.2 gives an overview of the experimental
software architecture and details on how the information is passed between the layers. Sec-
tion 5.3 presents a qualitative comparison of the different features and some results from
the case studies. Finally, Section 5.4 discusses the overall experimental results.

5.1 RGB and Depth Sensors Calibration

This section presents details for the coordinate mapping function to calibrate the sensor
data for the color and depth coordinate systems. Being limited by the hardware properties
of the Kinect sensor version II, where the color and depth streams are captured by different
sensors, these two frames are not aligned at the beginning (e.g., see Figure 5.1). One of
the differences between the RGB and depth image is in the image resolution. Another
factor contributing to the misalignment is the origins of the coordinate frames associated
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the two sensors are not coincide with each other. Consequently, the two data streams must
be aligned for the proposed cascaded implementation.

The resolution of the raw color frame is 1920×1280 pixels, which differs from the depth
frame where the resolution is 512×424 pixels. This difference has an effect on the results in
that a portion of the pixels appearing in the color frame are not shown in the depth frame.
In other words, since the RGB frame actually covers a wider area than the depth frame,
not every color pixel has a corresponding depth pixel to be mapped with. Some areas that
are visible by one sensor may not be visible by the other. For example, see Figure 5.1.

Both the RGB and the depth sensor can be modelled as pinhole cameras, as described
previously in Section 4.1. Let Kr be the intrinsic matrix of the color sensor, xr and yr are
the position of a point p in the color image coordinates (pixel units). Xx, Yr and Zr are the
point in the color sensor coordinates. The relationship that uses the pinhole camera model
(refer to Section 4.1.4) can be represented as:
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 (5.1)

Similarly, the relationship between the depth image coordinates and depth sensor coor-
dinates using the pinhole camera model is represented as:
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As mentioned, the position of the RGB and depth sensors are fixed, hence, a rigid
transformation T exists from depth coordinate system to RGB coordinate system:
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Substituting values from Equation (5.1) and (5.2), this can be written as:
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Equation (5.3) describes the mapping between pixels in the RGB and depth images,
where all parameters can be obtained by calibration [154]. The Microsoft Kinect SDK
provides a convenient calibration function called CoordinateMapper(), which can be used
directly to fuse these two coordinate systems into a single system. In our software im-
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plementation this function is used to finish the mapping. This is a useful function that
can be invoked after including the libraries in the software implementation. It determines
which color values correspond to which depth distances, and vice-versa. More details of this
function can be found in Appendix D.

The overall calibration process is related to three different spaces: depth space, color
space and camera space. The depth space is used to identify the 2D location of pixels with
the associated depth values in the depth image. The origin (0, 0) of this coordinate system
is located at the top left corner of the depth image buffer. The width and height of the
depth image buffer is 512 pixels and 424 pixels, respectively. The direction of the x axis
is rightward and the direction of the y axis is downward (see Figure 5.2). The pixel (511,
423) is located at the bottom right corner of the depth image buffer. Besides the x and y
axis, a 3D RGB-D frame must be generated for the proposed method, and a z value must
also be assigned to each pixel in the depth space. The depth data for each frame is stored
as a 1D array, which contains the depth distances between the sensor and each pixel in
millimetres (refer to Section 4.1). The 1D array orders the depth pixels starting from the
origin (0, 0), stores each pixel in the first row until meeting pixel (0, 511), and then moves
to the next row (1, 0), storing each pixel in the second row until finally going through all
of the pixels in this frame. Therefore, the corresponding depth value for each pixel can be
retrieved one-by-one and used for its value on the z axis. An example of a depth frame and
the definition of its coordinates are shown in Figure 5.2.

Figure 5.1: An example of RGB and depth frame misalignment, where the two presented
frames are taken from the same sensor at the same time. The regions bounded with red
rectangles in the RGB frame contain pixels that are not presented in the corresponding
depth frame.

For color space, the definition of (xr, yr) coordinates is similar to the definition in the
depth space, except that no z value is assigned to each point. The position of a point in the
color space is associated with the row and column location of the pixel on the RGB frame
buffer, where the origin (0, 0) lies at the top left of the whole image. The origin, however, is
not collocated with the depth frame buffer in the world coordinates. The width and height
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Figure 5.2: An example depth frame and definition of its coordinates, compared to an
example of the coordinate system of the depth sensor.

of a RGB frame are 1920 and 1080 pixels, respectively. Hence the point (1919, 1079) lies
at the bottom right position. The color sensor on the Kinect sensor has an offset from the
sensor which generates both depth and infrared images (see Figures 5.2 and 5.3). Hence,
these two sensors have different viewpoints of the same scene. An example of an RGB
frame and the definition of its coordinates are shown in Figure 5.3. The sensor space is
represented by the 3D coordinate system of the Kinect camera. The definition of sensor
space is similar to the definition of depth and color space, as shown in Figures 5.2 and 5.3.

Figure 5.3: An example RGB frame and definition of its coordinates, compared to an
example of the coordinate system of the color sensor.

After using the calibration functions to map the color and depth frames together, a
combined 3D synchronized frame is generated and used in the remaining computations.
After the synchronization, each pixel in the final RGB-D frame is associated with both a
depth distance value and the corresponding RGB color values.
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(a)

(b) (c)

Figure 5.4: a) The original color frame; b)The original depth frame; c) The synchronized
RGB-D frame.
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5.2 Overview of Sensor Data Transmission between Layers

In the hardware set-up, the device used for tracking is the Kinect for Windows Version 2.
The Kinect sensor includes an RGB color camera, an IR emitter, a depth sensor, and a
multi-array microphone (Figure 5.5). In contrast to the Kinect V1, which uses a structured
light technique in its depth sensor, the Kinect V2 sensor is based on Time of Flight (TOF)
techniques. The sensor emits short infrared (IR) signals and records the reflection of the
signals to measure how long it takes them to return. The delay between the emitted and the
received signal is used to determine 3D information about the object and the surrounding
environment.

In the software implementation, the sensor data used for tracking is initialized by first
acquiring RGB and depth frames. Subsequently, these two frames are mapped onto a
synthesized RGB-D frame. The synthesized frame means that both color and depth values
are stored for each point in the frame. The details of how these two coordinates are mapped
together are presented in Section 5.1. After generating the RGB-D frame at the current
time state, the frame data is then sent to the first layer to implement the color-based particle
filter. The reference 2D color histogram is established by calculating the number of pixels
falling into each bin when the hue-saturation color space is divided by M × N bins (refer
to Appendix E). The calculation is based on the position and size of the initial rectangle
bounding box with a state vector defined as Mt = {xt, yt, x′t, y′t, wt, ht, w′t, h′t}. The set of
samples are then propagated by hierarchical sampling using the guidelines for the movement
of the object, where an increased proportion of the total number of particles are generated
along the direction of movement. Subsequently, the samples are weighted by calculating the
similarities between their histograms and the reference histogram. Once the estimate of the
state is obtained, the synchronized data is sent to the next layer for depth-based particle
filter calculation.

In the second layer, only the data inside the ROI that was acquired from the previous
layer is used for further computations. Given the depth frame and the ROI location, only
the depth data inside the ROI is collected. Since the location and size of the ROI center
are known from the tracking result from the previous layer, the depth data inside the ROI
can be retrieved by searching the corresponding index of the pixels inside the depth image.
This set of depth data is sent into the preprocessing steps where the data is filtered for
further processing (refer to Chapter 4). The pixels that do not contain actual depth data
are filled by a median filter to make the data smooth (refer to Section 4.1.1). Subsequently,
the tracked human body is segmented from the background and a surface mesh is generated
based on the segmented point cloud (refer to Sections 4.1.2 to 4.1.4). The depth-based
feature is selected and used to calculate the state of the original point of interest, which is
initialized manually, and the sample points (refer to Section 4.2). The set of sample points
are weighted according to the similarity measurement. The overall sensor data transmission
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Figure 5.5: Illustration of Kinect for windows version 2, firmware.

process is repeated at every time instance. A flowchart of the data transmission and software
implementation of the cascaded tracking framework is shown in Figure 5.6. In the figure,
Rt−1 and Dt−1 indicate the color and depth frame data at time instance t− 1, respectively.
RDt−1 represents the synchronized RGB-D frame data at time instance t− 1. RD(ROI)t−1

is the result of the tracked region at time instance t − 1. RD(POI)t−1 is the result of the
tracked point at time instance t− 1.
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Figure 5.6: Sensor data transmission flow and software implementation of the cascaded
tracking framework.
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5.3 Qualitative Comparison Between Two Sample Weighting
Approaches

In this section, a series of experiments that compared the performances of two different
depth-based PF tracking methods under different scenarios are described. The details of
the implementation were discussed in previous sections. Each feature has unique advantages
and drawbacks, and the tracking performance is discussed according to the experimental
results. Spin image is a feature that is view-invariant and robust with respect to object
posture rotation and translation. Geodesic distance has its main advantage in being largely
invariant to surface mesh deformations and rigid translation; e.g., different postures of a
person while walking.

Figure 5.7 shows the quantitative comparison in terms of errors that exist in the tracking
results shown in Figures 5.8 and 5.9. Euclidean distance is used to denote the error between
computed points (x1, y1, z1), which is given by the tracking result, and the actual coordinates
(x2, y2, z2), given by observation. Here, the ground truth data is identified by manually
labelling in each frame. The error, in pixel units, is calculated using:

∆d =
√

(x1 − x2)2 + (y1 − y2)2 + (z1 − z2)2 (5.5)

which is plotted in Figure 5.7. Smaller errors are related to the more accurate tracking
results. In each trial, the errors in certain frames are recorded and plotted as stars in the line
chart, to compare the performances of these two depth features used for tracking. Figure 5.8
shows the comparison results for tracking a walking person in a cluttered background. The
comparison includes the accuracy and challenges of the implementations. In the following
experiments, we initialize a single tracking point on the right hand with the sample propa-
gation in the frame coordinate system. The person is asked to walk with smoothly changing
directions, speed, and posture for the real-time tracking system to be implemented. Spin
image and geodesic distance-based tracking are used to track the extremity of points as
the target moves. Tracking results for frames 20, 40, 60, 80, and 100 are shown in Fig-
ure 5.8 (a)(c), where (a) is associated with tracking using spin image and (c) is the result of
tracking using geodesic distance. The coordinates of the extremity points are recorded and
compared in the corresponding frames. Based on the tracking results (Figure 5.8) and the
plot of errors (Figure 5.7 (a)), the spin image tracking achieved a better performance in the
first several frames where the posture of the body has smaller deformations, and the result
point was closer to its actual position. Nevertheless, this feature can capture the overall 3D
representation of objects at a cost of more time being spent on feature calculation, and it
is relatively sensitive to large posture variation and sensor noises. Consequently, it suffers
from having a relatively higher computational costs, which reduces the posture consistency
between neighboring frames. After a period of time, the performance of these two methods
gradually become similar, since geodesic distance is more efficient for feature extraction and
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robust against large surface mesh deformations. After that, when the person is performing a
sudden turn (as in the last frame of Figure 5.8), the spin image tracking yields larger errors.
In other words, the resulting point is completely out of the target area since a significant
deformation occurs in the tracking object. In contrast, the tracking method using geodesic
distance has relatively smaller errors. Although the result obtained with this method still
has offset with the actual position, it is more accurate than the spin image tracking result
since its feature is more stable against large deformation and transformation of the object.

Figure 5.9 shows another group of results obtained from a comparison experiment that
simulated the scenario where target itself has partially self-occlusion in some frames during
the whole tracking process. Here, self-occlusion is defined as a portion of the target being
blocked by another portion of the target itself in the camera view; e.g., the abdomen is
occluded by the forearm (as shown in Figure 5.9 (a)(c)). Like the first experiment, the
point of extremity is initialized on the person’s right hand. The tracked position of this
point is recorded in the corresponding frame for the tracking result and observation. The
person was asked to walk at a constant speed and direction. While walking, her right
hand was slowly moving toward the torso. In certain frames, the person’s hand reaches a
position that is right in front of her torso. When the person’s right hand occupies some
pixels that are inside the body area, self-occlusion occurred, which added ambiguity to the
DPF tracking. The plot of errors (Figure 5.7 (b)) supports the conclusions drawn from
the second comparison experiments. As shown in Figure 5.9 (a)(b), the subject is walking
while gradually moving her limb toward the body. In this case, the tracking method that
used geodesic distance met the difficulties when the distance between forearm and torso
was relatively small. In this case, the tracking algorithm mistakenly considered the point
on these two different body parts as neighbors, belonging to the same patch of surface
that connected them. Consequently, geodesic distance (i.e., the shortest path along the
surface mesh) is calculated using the wrong intermediate paths. As shown in Figure 5.9
(c)(d), which is the result of geodesic distance PF tracking, the point of extremity finally
falls into the area that belongs to the torso part. The experimental results illustrate that,
while these two features are both suitable for depth tracking in general cases (as shown in
previous sections), they also have their own merits and advantages in different situations.
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Figure 5.7: Quantitative comparison of errors in the tracking results using different metrics:
spin image and geodesic distance (Number of Particles N = 100). Each computed error in
a corresponding frame is shown by a star on the line. Here, the red lines contain errors
in the spin image tracking results, while the green lines contain errors in geodesic distance
tracking: (a) comparison of errors between the two feature-based tracking in experiment I;
(b) comparison of errors between the two feature-based tracking in experiment II.
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Figure 5.8: Experiment I: (a) Results of tracking a walking person using spin image as
the feature, with frame numbers 20, 40, 60, 80, and 100; (b) Samples propagated in these
tracking results (N = 100); (c) Results of tracking a walking person using geodesic distance
as the feature, with frame numbers 20, 40, 60, 80, and 100; (d) Samples propagated in these
tracking results(N = 100).
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Figure 5.9: Experiment II: (a) Results of tracking a walking person using spin image as
the feature, with frame numbers 20, 40, 60, 80, and 100; (b) Samples propagated in these
tracking results; (c) Results of tracking a walking person using geodesic distance as the
feature, with frame numbers 20, 40, 60, 80, and 100; (d) Samples propagated in these
tracking results(N = 100)

110



5.4 Discussion

In this chapter, the notion of the cascaded structure of stochastic tracking is presented and
discussed in detail. First, the mapping processes for RGB and the depth sensor is presented.
Since the color sensor is offset from the depth sensor, they have different viewpoints of the
world. In addition, the resolution of raw color and depth frames differ, where the raw color
frame is 1920× 1280 pixels and the depth frame is 512× 424 pixels. As a result, these two
frames must be calibrated at the beginning of each time instance. The calibration function
CoordinateMapper() is used to map these two coordinate systems into a single system.
Subsequently, in the synchronized RGB-D frame, each pixel owns both a color intensity value
and a depth distance value. Then, the way in which the sensor data is synchronized and
transmitted between different layers is presented. We also show the software architecture
for the implementations and how the two layers are combined to constitute a coarse-to-fine
tracking framework.

In the depth-based tracking layer of the cascaded framework, two different features are
used to track the point of interest. In this chapter, their performances were compared
qualitatively in the experimental case study. From the experimental results, each feature
owns its unique properties, having their own advantages and disadvantages under different
circumstances. The depth-based PF using the spin image is a simple and adaptive tracking
procedure, where the feature is view-invariant and robust with respect to object rotation
and translation. When subjects have relatively smooth gait patterns, the performance of
tracking is satisfactory. Nevertheless, the method has a drawback, because of the difficulty
in capturing complex situation patterns when subjects have a significant change in their
walking patterns. For the depth-based PF that uses geodesic distance, the feature has an
advantage in being largely invariant to surface mesh deformations and rigid transformations.
More precisely, the geodesic distance from the left hand to the right hand of a person along
the body surface is unaffected by body postures. When the surface is not connected;
however, as in self-occlusion, the feature may fail to calculate the correct distance along the
surface mesh, and consequently, the focus of the target could fall into other points having
a similar geodesic distance to the surface mesh.

As shown in Figure 5.7, the error exist in the tracking results slowly increased as the
tracking continues. In one of the future work, it is necessary to explore how to prevent the
error from increasing. One possible solution is setting a pre-defined upper bound of the
error. When the error reaches the upper bound, the sample distribution and propagation
would be refined to achieve a better simulation of the posterior probability. The other
idea that could be used to improve the performance is combing multiple features together,
to achieve a more robust tracking system. By choosing appropriate features which can
complement each other by making use of their unique advantages.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

A cascaded coarse-to-fine tracking framework was proposed in this thesis to explore the
information flow and sharing in a distributed Bayesian tracking using RGB and depth
sensors. The proposed hierarchical (cascaded) particle filter first tracks the human body in
the RGB image by exploiting the notion of importance sampling, taking into account the
physical motion constraints. The information regarding the tracked body obtained from the
first layer is then used in the second implementation of the particle filter using depth image.
In this implementation, the expected sample distribution for tracking points of interest on
the body also takes advantage of the constraints associated with the body movements within
the segmented depth image. In addition, we experimented with two approaches for assigning
weight to each sample distribution within the second particle filter implementation. The
first metric measure was based on the notion of spin image at the desired point of interest on
the tracked body. The second metric was based on the notion of geodesic distance between
a reference point and the desired point of interest on the body. Some of the key results
for the color-based tracking, depth-based tracking, cascaded framework, and experimental
studies are:

• In the color-based tracking layer, the prior estimate of the state of the object is
distributed based on the novel expected motion constraints approach associated with
the movements. An enhanced particle filter implementation is proposed based on
RGB frames. This method provides a faster convergence of the estimate, where each
particle in the prior distribution of the samples are defined based on the physical
constraints associated with the expected movements of the human body being tracked.
A bounding box is then used as a coarse level of detail to represent the location and
spatial range of the movement of human body for further gait analysis.

• In the depth-based tracking layer, the segmented output that resulted from the color-
based tracking is used for tracking marked feature points of interest on the human body
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in the depth images. A pre-processing stage, consisting of data de-noising, foreground
segmentation, point cloud generation through depth calibration, and surface mesh
construction was conducted at the beginning of the depth-based tracking. This stage
is designed to synchronize depth and color frames, smooth the depth data, extract
the human body inside the ROI, and generate a patch of surface mesh from the point
cloud. As a result of the pre-processing stage, each pixel inside the ROI can be
identified whether it belongs to the tracked human body or the background. This is
an important step in the overall tracking process since only samples that belong to
the human body are used for feature calculation.

• Two approaches were proposed for associating a measure (weight) for the distribution
of the estimates (particles) of the tracking feature points using depth data in the
DPF tracking method. The first measure is based on the notion of spin image and the
second is based on geodesic distance. The spin image captures information associated
with a point on the 3D object and transform it into a 2D image. This feature is
view-invariant and robust with respect to object posture rotation and translation.
The geodesic distance measures the shortest path between two vertices along the
surface mesh of the human body. This feature is largely invariant to surface mesh
deformations and rigid transformations. A series of experimental results from tracking
a wandering person and the person’s body extremities are also shown in this thesis.

• The overall cascaded tracking framework is based on the notion of a hierarchical parti-
cle filter that incorporates two layers consisting of coarse-to-fine tracking sub-systems.
The information between the two sensing modalities (namely RGB sensing and depth
sensing) is chained to distribute and share the implicit knowledge associated with the
tracking environment. This thesis also presents the implementation of the proposed
method in combination with some case study results. The proposed tracking cascaded
tracking framework can be a preliminary approach used for future applications such
as surveillance in public, motion analysis, and human-computer interaction.

6.2 Future Work

The proposed hierarchical structure of the stochastic tracking system is a comprehensive
framework that includes color-based tracking, depth-based tracking, data synchronization,
and calibration. The potential scope of future work from this thesis is as follows:

• More intelligent allocation of particles: In this thesis, a hierarchical method of
importance sampling was proposed to generate and propagate samples more effective-
ly. This is an practical version of generating particles that uses information acquired
from motion space and constraints. For a future study, we will improve the sampling
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method and extend it to be used for more advanced parametric motion. For exam-
ple, as shown in [112], after generating particles by importance sampling, the set of
particles can be regressed on the transformation space using Lie algebra, leading to
a more effective propagation of samples. By incorporating the additional refinement
provided by the regression, the particle likelihood can be computed accurately without
increasing the number of particles.

• Tracking arbitrary shapes: The aim of our work is to track a target in the image
plane. The shape of this region is a prior through the initial definition. The target
area can be represented by geometric shapes defined by people for tracking, such as
rectangles and ellipses. There is no specific restrictions are used for the types of shapes
that can be used. More complex hand-drawn or learned regions can be used if relevant.
In our case we are using a geometrical shape to describe the ROI in the image where
the object is located. On the other hand, one can also define other features associated
directly on the object as a tracking state, e.g., the point of interest defined in Chapter
4. One of the future works is exploring how to define the state variables which is
needed to define for tracking arbitrary shapes.

• Combining two features: In other work, two features may be combined to achieve a
more robust system and multiple points of interest tracking may be taken into account.
In recent works, some authors have combined different features that complement each
other to implement robust tracking. For example, Yulong et al. [149] proposed a novel
tracker that extracted both gray and color information as feature maps to compute the
maximum response location via correlation filters. The KCF tracker, which is trained
by using a single image patch x with size M × N centered around the target, is
used in the tracking method. Another tracking algorithm based on multiple features
with an improved scale-updating scheme was proposed by [129]. They integrated
HoG, color naming, and the intensity feature. Kernel methods, based on the STC
algorithm were used to fuse these features to implement tracking. The region of an
object is represented by a bounding box and their experimental results are promising
for various scenarios.

Moreover for the methods proposed in this thesis, spin image and geodesic distance
can be designed to compensate each other by making use of their unique advantages
in the future. Since spin image is view-invariant, it is suitable for tracking points of
interest in areas such as the head and torso, where the variation is more likely to be
due to posture rotation and translation, rather than significant deformation. Thus, a
reference point can be selected; e.g., the tip of the nose, and tracked using spin image
as a metric. Based on the reference point, one ore more points of interest can be
initialized on the left/right hand and feet. As geodesic distance is invariant to surface
mesh deformations and rigid transformations, it can achieve robust tracking of body
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extremities; e.g., points of interest on the body limbs. Hence, geodesic distance is
used to track these points by calculating the distance between the reference point,
which is tracked using the spin image feature, and the other points. By combining
these features, a robust, depth-based tracking of multiple marked feature points may
be possible in the future while the person is moving in the field of a depth sensor.

• Extend the framework to a network of sensors: In this thesis, the proposed
framework is implemented using a single Microsoft Kinect sensor that is fixed on top
of a tripod. In the future, the system could be extended to a network of sensors by
expanding the number and capacity of the sensors. Using a multiple sensor system,
or stationary sensors mounted on a mobile platform, the coverage and flexibility of
vision could be expanded. Objects frequently encounter deformations and significant
changes in appearance in real-world scenarios. They may also partially or fully occlude
each other for extended periods. A network of sensors would be suitable for dealing
with problems such as self-occlusion or multiple target interaction. For example, in
[123], the system consisted of five Kinect devices mounted on chairs at the same
height for tracking users in a VR system. A more functional tracking system could be
implemented with multiple Kinect devices to allow multiple users to interact across
VR lab spaces. Moreover, [91] indicated that the coverage of an environment and the
number of fully tracked joints increases with an increasing number of Kinect devices.
From their experiments, four Kinect devices mounted on the corners of the work cell
were found to be sufficient to cover the whole work space. Hence, the use of multiple
Kinect devices could account for problems caused by occlusion.

• Hardware accelerations: As shown in previous sections, one of the main chal-
lenges in real-time particle filter tracking implementation is the high computational
load. Particle filter algorithms are inherently parallelizable, and the main bottleneck
of the particle filter is in the likelihood evaluations. When N particles are used to
approximate the true posterior probability distribution, N independent and identical
likelihood evaluations should be performed at each time step. Since one likelihood
evaluation for a particle does not depend on the rest of the particles, the likelihood
computation can be parallelized. Since modern graphics processing units (GPU) pro-
vide massive parallel power beyond the purpose of rendering, in future studies, the
software implementation could be enhanced by designing a program on the GPU for
fast and robust real-time people tracking. Montemayor et al. [90] showed a prelim-
inary design for a particle filter on a GPU for simple, 2D object tracking. In [26],
particle filtering was based on a tracking method for a 6-DOF object using an RGB-
D camera. Their method used GPU acceleration to render the object model onto
a texture buffer with a 3D mesh model that had been given in advance. Moreover,
likelihood evaluations can be conducted in parallel with the rendered results. From
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their work, the particle filter tracking on the GPU can improve the efficiency and
robustness of object tracking.

• Tracking multiple targets: Tracking the movements of a person in a cluttered
environment using a single RGB-D sensor was proposed in this thesis. In future
experiments, the proposed system could be extended for use in a multiple-person
tracking system. The framework proposed in this thesis could serve as a preliminary
study for multiple target detecting and tracking, both indoors and outdoors. For the
purpose of fair evaluation of multiple object tracking, benchmarks such us multiple
object tracking (MOTChallenge [89]) which provide a large collection of dataset and
a framework for the standardized evaluation of multiple object tracking methods, can
be utilized to compare the performance of different approaches.

• Incorporate deep learning methods for target re-identification: In this thesis,
a cascaded coarse-to-fine tracking framework consists of two different particle filters
is presented. As discussed in the previous sections, intelligent target re-identification
step has not been included in this system currently. In one of the future work, we in-
tend to incorporate some of the deep learning methods into the framework to help with
implementing person re-identification. In spite of the effort spent in this problem by
previous research, people re-identification is still an unsolved challenge [158]. In recent
years, the success of deep neural networks especially deep CNNs in computer vision
area has attracted attention for application to people re-identification. For example,
in [156], a novel perspective for person re-identification based on unsupervised deep
learning techniques is presented. In their method, distinctive features are extracted
without requirement of identity labels in the training procedure. Experimental results
show that their method can improve the performance of people re-identification.

• Combine with other machine learning method to improve the performance:
Random forests are one of the widely used machine learning techniques in visual
tracking area, because of their high computational efficiency during both training and
evaluation, while still achieving state-of-the-art results. Random forests is a learning
method for classification and regression, operating by constructing numbers of decision
trees at training time and clustering different classes for classification purpose, or
outputting mean prediction for regression purpose [54]. For example, [119] proposed
a novel on-line random forest algorithm which can be used for visual tracking. As
shown in their experiments, it generates real-time state-of-the-art performance and
shows good results when dealing with occlusions and appearance variations.

• Compare performance with other methods: In this thesis, the comparison ex-
periments are conducted in terms of different parameters and features used in this
tracking framework. In the future, we would like to compare the performance of the
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proposed method and other state-of-the-art trackers such as KCF tracke and CNN
based trackers in terms of both accuracy and frame rate.
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Appendix A

Technical Terms

• Kalman Filter
The Kalman Filter is one of the most popular methods used in object tracking. Also
known as Linear Quadratic Estimation (LQE), the Kalman Filter is an algorithm
that uses a series of measurements observed over time, containing noise (random
variations) and other inaccuracies, to produce estimates of unknown variables that
tend to be more precise than those based on a single measurement. It operates
recursively on streams of noisy input data to produce a statistically optimal estimate
of the underlying system state [84]. Here, optimal means that if all noise is Gaussian,
the Kalman Filter minimizes the mean square error of the estimated parameters. The
Kalman Filter has been widely used in different applications, such as guidance that
includes vehicle control and navigation. Moreover, it is often applied to time series
analysis for signal processing and econometrics.
Technically speaking, the Kalman Filter is based on the main assumption that the
system is a linear dynamical system and that all error terms and measurements have
a Gaussian distribution. Hence, the application of the Kalman Filter to a non-linear
system can be difficult since the Gaussian uncertainties become non-Gaussian due to
the non-linear transform.
Extensions to the Kalman Filter that work on non-linear systems have also been
proposed, such as the extended Kalman Filter and the unscented Kalman Filter,
but the key idea for these methods is to approximate a non-Gaussian density by a
Gaussian. Such approximations implicitly assume that the true posterior PDFs are
uni-modal. Methods that are based on these approximations often under-perform
when the true densities are multi-modal. Hence, a multi-modal approach; e.g., a
particle filter, is frequently used.

• Bayesian Filtering: Bayesian filtering, also known as recursive Bayesian estimation, is
a general probabilistic approach for sequentially estimating an unknown state prob-
ability density function over time using a mathematical process model and incoming
noisy measurements [106]. This type of problem can be modelled as estimating the
state of a discrete-time non-linear dynamic system as shown in the following equation:
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xk+1 = fk(xk, vk)
zk = hk(xk, nk)

(A.1)

where xk denotes the unobserved state of the system and zk is the sensor observation.
The process noise vk drives the dynamic system, and the observation noise is given
by nk. Note that we are not assuming additivity of the noise sources. The system
dynamic model f(·) and the observation model h(·) are assumed to be known.
Sequential Monte Carlo (SMC)-based techniques, or particle filters, model the density
of the state distribution using a set of discrete samples and they can provide arbitrary
accuracy to the solution with a sufficient number of sample points.

• Bayes’ theorem:
The probability of event A, given that event B has subsequently occurred, is [140]:

P (A|B) = P (A) · P (B|A)
[P (A) · P (B|A)] + [P (A) · P (B|A)]

(A.2)

where P (B|A) represents the conditional probability of event B occurring, given that
event A has already occurred. The following formula defines P (B|A):

P (B|A) = P (AandB)
P (A) (A.3)

In probability theory and statistics, Bayes’ theorem describes the probability of an
event, based on prior knowledge of conditions that might be related to the event. For
example, if the probability of cancer is correlated to age, then, using Bayes’ theorem,
the age of a person can be used to assess the probability that the person has cancer,
compared to the assessment of the probability of cancer without knowing the person’s
actual age. More details can be found in [115].
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Appendix B

Contour-Based Features used in
CPF

In contour-based tracking, the tracked object at time t is modelled as B-spline curve using:

r(s, t) =
[
x(s, t)
y(s, t)

]
=

[
B(s)T 0

0 B(s)T

] [
Qx(t)
Qy(t)

]
for 0 ≤ s ≤ l (B.1)

where B(s) = [b0(s), ...[bq−1(s)]T , bi(s)(0 ≤ i ≤ q− 1) is the ith B-spline basis function, Qx
and Qy are vectors of B-spine control point coordinates and L is the number of spans. The
configuration of the spline is often restricted to a shape-space of vectors χ defined by (t is
omitted)

Q = Wχ +Q0 or

[
Qx

Qy

]
= Wχ +

[
Qx0
Qy0

]
(B.2)

where W is a shape matrix whose rank is less than 2Q and Q0 is the template contour.

To measure the similarity between the contour of each sample and the reference, L2 norm
is used for the curve r(s), and accordingly, norms || · || for the control point vector Q and
shape vector χ can be defined as:

‖Q‖ = ‖χ‖ = ‖r(s))‖ (B.3)

where
‖r(s)‖ = ( 1

L

∫ L

r(s)Tds)
1
2 (B.4)

‖Q‖ = (QTUQ)
1
2 , U = 1

L

∫ L

0

[
B(s)B(s)T 0

0 B(s)B(s)T

]
ds (B.5)

‖χ‖ = (χTW TUWχ)
1
2 (B.6)
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Appendix C

Hardware Features of the
Microsoft Kinect Sensor

Figure C.1: Illustration of the Kinect sensor for Windows version 2 firmware.

A summary of the key firmware features for the Microsoft Kinect sensor V2 is listed in
Table C.1. Due to the different hardware properties of the color and depth camera, such as
the different resolution and field of view (FOV), the raw frame data is different in terms of
size and view. More details about the hardware specifications are given in [18].

The Kinect V2 depth sensor is based on the time-of-flight measurement principle. As shown
in Figure C.1, the strobed infrared light is emitted to the scene, and then reflected by obsta-
cles/objects. The time of flight of each pixel is registered by the infrared sensor. Internally,
wave modulation and phase detection is used to estimate the distance to obstacles/objects.
More details of the depth measurement principles can be found in [124].
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Component Feature
Infrared/Depth Camera Resolution 512 × 424

Frame rate 30HZ
FOV: 70.6 × 60.0
Available area 0.5-4.5 meters

RGB Camera Resolution 1920 × 1080
Frame rate 30HZ
FOV: 84.1 × 53.8
Available area 0.5-4.5 meters

Table C.1: Hardware specifications for the Kinect sensor

134



Appendix D

The Microsoft SDK Program used
in the Software Implementation

CoordinateMapper() Class As described in the Microsoft Kinect official documentation,
the CoordinateMapper() represents a global object that provides methods to translate 2D
points from one reference system to another; e.g., translate coordinates from color frame
to depth frame, to obtain the color pixel that corresponds to a certain depth pixel. The
mapping used in this thesis can be achieved by:

pCoordinateMapper : : MapDepthFrameToColorSpace {
UInt16 [ ] depthFrameData ,
ColorSpacePoint [ ] co l o rSpacePo int s

}

where the parameter depthFrameData represents the full image data from a depth frame,
and colorSpacePoints represents the array of mapped color points that will be filled. The
colorSpacePoints array has the number of depth frame pixels. The code is used to implement
the mapping process:

// Mapping (Depth to Color )
i f (SUCCEEDED( hResult ) ) {
std : : vector<ColorSpacePoint> co lo rSpacePo int s ( depthWidth ∗ depthHeight ) ;

hResult = pCoordinateMapper−>MapDepthFrameToColorSpace (
depthWidth ∗ depthHeight ,
reinterpret_cast<UINT16∗>(depthBufferMat . data ) ,
depthWidth ∗ depthHeight , &co lo rSpacePo int s [ 0 ] ) ;

i f (SUCCEEDED( hResult ) ) {
coordinateMapperMat = cv : : Sca l a r (0 , 0 , 0 , 0 ) ;

for ( int y = 0 ; y < depthHeight ; y++) {
for ( int x = 0 ; x < depthWidth ; x++) {
unsigned int index = y ∗ depthWidth + x ;
ColorSpacePoint po int = co lo rSpacePo int s [ index ] ;
int colorX = static_cast<int>(std : : f l o o r ( po int .X + 0 . 5 ) ) ;
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int colorY = static_cast<int>(std : : f l o o r ( po int .Y + 0 . 5 ) ) ;
unsigned short depth = depthBufferMat . at<unsigned short>(y , x ) ;

i f ( ( colorX >= 0) && ( colorX < colorWidth ) && ( colorY >= 0)
&& ( colorY < co lo rHe ight ) {

coordinateMapperMat . at<cv : : Vec4b>(y , x )
= colorBuf ferMat . at<cv : : Vec4b>(colorY , colorX ) ;

}
}

}
}

}

BodyIndexFrame() Class

BodyIndexFrame() represents a frame indicating which depth or infrared pixels belong to
tracked people and which do not. This is a special type of data source that is established
based on the infrared image. In this body index frame, pixel values represent whether it
belongs to the person or the background. The value of each pixel in the frame is an 8-bit
unsigned integer. If the value is between 0 and 5, then it is identified as a pixel from the
user. Otherwise, it is part of the background and is not associated with a user surface.
According to official SDK, this frame is useful for green-screen applications, or any scenario
where you want to display the silhouette of the user. It also provides a good starting point
for custom depth algorithms. Figure D.1 shows an example of a body index frame where
pixels with different values are visualized with different colors. In the figure, three users are
standing in front of the camera and recognized by evoking the Kinect SDK program. In
the frame, pixels that form the first user have a value of 0, pixels that form the second user
have a value of 1, and pixels from the third user are assigned the value of 2. Meanwhile, all
pixels that belong to the background are assigned a value of 8.

Figure D.1: An example of a body index frame where three users are shown in front of the
sensor.
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Appendix E

Color Distribution and Color
Histogram

The color distribution of a region inside an image is defined as the color composition based
on probability theory [134]. The discrete form of a probability distribution is a cumula-
tive histogram. Hence, in image processing, a color histogram is a representation of the
distribution of colors in an image. A color histogram is defined as representing the total
number of pixels that have colors, in each of a fixed list of color ranges that occupy the
whole color space of all possible colors in the image. A histogram is an accurate graphical
representation of the distribution of numerical data. It is an estimate of the probability
distribution of a continuous/quantitative variable and was first introduced by Karl Pearson
[108]. Like other kinds of histograms, the color histogram is also a statistic representing an
approximation of an underlying continuous distribution of color values.

A color histogram can be built based on different kinds of color space, such as RGB,
HSV, YCBCr, YIQ etc. Color space is defined as a mathematical model to represent
color information as three or four different color components [69]. Among them, the RGB
color space is the most widely used, and it adopts different mixing ratios of the three basic
colors (red, green, and blue), to generate other colors. Any other color space can be derived
through a linear or non-linear transformation of RGB space. Depending on how much is
taken from each base color, any color can be created.

Nevertheless, as shown in [69], the RGB color space is not suitable for human identification,
especially for detecting skin color, since all three of the basic color values contain luminance
information and are overwhelmingly correlated to skin color.

In YCbCr color space, colors are specified in terms of luminance (the Y channel) and chromi-
nance (Cb and Cr channels). Cb denotes the difference between the blue component and
the reference value. Cr denotes the difference between the red component and a reference
value. The transformation between YCbCr and RGB is linear. Other similar color spaces
include YIQ and YUV. The YCbCr color space us widely used in digital television, such
as MPEG1 and JPEG, since the color representation is easy for removing redundant color
information.
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The color histogram can also be based on hue, saturation, and value (HSV) color space
and used to associate a weight with each sample in the color-based particle filter. The
transformation between HSV and RGB is nonlinear. Other similar color spaces are HIS,
HLS, and HCI. Hue-saturation-based colors spaces were introduced to address the need
for users to specify color properties numerically. Hue defines the dominant color (such as
red, green, purple, or yellow) of an area, saturation measures the colorfulness of an area
in proportion to its brightness [113]. The intuitiveness of the color space components and
the explicit discrimination between luminance and chrominance properties made the HSV
color space attractive for human detection. Moreover, properties of hue such as: invariant
to highlights from white light sources, to matte surfaces, and to ambient light and surface
orientations relative to the light source, are shown in [73]. The HSV color space was chosen
to be used in our proposed method.

Given two histograms, various methods can be used to measure their similarity.

1. L1 metric. A metric name L1 distance was proposed by Swain et al. [136]. Suppose there
are two 1D color histograms H and I established from different images, and for example,
H can be represented by a vector (h1, h2, ..., hn) where hi denotes the number of pixels in
bin i, and n is the number of total bins. Without loss of generality, suppose that these two
images both N pixels in total, then we have

∑n
i=1 hi =

∑n
i=1 ii = N . Hence the L1 distance

between histogram H and I can be calculated as:

dL1 =
n∑
i=1
|hi − ii| (E.1)

The shortcoming of this metric has already been stated in [133] with examples that generate
false results. The authors show that some similar color histograms might have relatively
large L1 distances. Moreover, illumination variations could also lead to a shift in the
histogram and a subsequent misjudging of the L1 metric.

2. L2 metric. Considering the limitation of the L1 metric, another similarity measurement,
named the L2 distance was proposed in [98]. Here, we take the same two 1D color histograms
H and I as an example. The L2 distance between them is defined as:

dL2 =

√√√√ n∑
i=1

wi(hi − ii)2) (E.2)

Where wi is the eigenvalue of the similarity matrix A. The definition of a symmetric color
similarity matrix A can be found in the authors’ paper. The drawback of this metric has
been proved in [134], which also yields misleading results where two similar color histograms
are considered to be less similar.

3. Histogram Intersection. Another similarity measurement, called the histogram intersec-
tion algorithm, was proposed by Swain and Ballard [136]. Given two color histograms H
and I, each with n bins in total, the intersection between them is defined as:
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sumn
i=1min(Hi,Mi) (E.3)

Based on this, to calculate the similarity factor between 0 and 1, it is then divided by the
total number of pixels in the color histogram, which is the similar metric:

sumn
i=1min(Hi,Mi)
sumn

i=1Hi
(E.4)

4. Bhattacharyya Distance. Besides the metrics mentioned above, a number of other
measures, e.g. Bhattacharyya, Fisher, and Kullback-Leibler, have been studied for object
discrimination. Among them, Bhattacharyya is widely used in multiple comparisons of
histograms between patches of an input image. Considering two color histogram P and
Q extracted from an image of size N × M , in which bi represents the ith bin of P and
qi represents the ith bin of Q (i = 1, ...B, B is the total number of bins in the color
histogram),respectively. Bhattacharyya distance dbt between two color histograms P and
Q is given by:

Besides the metrics mentioned above, a number of other measures; e.g., Bhattacharyya,
Fisher, and Kullback-Leibler, have been studied for object discrimination. Among them,
Bhattacharyya is widely used in multiple comparisons of histograms between patches of an
input image. Considering two color histogram P and Q, extracted from an image of size
N ×M , where bi represents the ith bin of P and qi represents the ith bin of Q (i = 1, ...B, B
is the total number of bins in the color histogram). The Bhattacharyya distance dbt between
two color histograms P and Q is given by:

dbt =

√√√√1−
N∑
i=1

√
P (pi))Q(qi)) (E.5)

where N is the total number of bins in each histogram, without loss of generality, we assume
that these two histograms have the same number of bins. P (pi) represents the number of
pixels in bin i in histogram P and Q(qi) represents the number of pixels in bin i in histogram
Q. For a 2-D color histogram, N = h× s, where h and s represent the numbers of bins of
hue dimension and saturation dimension, respectively.
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Appendix F

Establishing a Color Histogram
and Implementation Code

In the HSV color histogram, a bin represents a collection of pixels whose value falls in the
range defined by the bin size. A 1D hue histogram with a certain number of bins can be
created by calculating the number of pixels for each bin that has the corresponding hue
value. This number is first divided by the total number of pixels in the tracking region, and
then normalized, to finally represent the probability of hue value distribution of the target.
Compared to a 1D hue histogram, the 2D hue-saturation (H-S) histogram is more reliable.
For the 2D H-S color histogram used in the proposed method, chromatic information is
separated from hue and saturation is extracted from intensity. Like a 1D histogram, a
2D H-S histogram can be built by calculating the number of pixels falling into each bin
when the H-S color space is divided by M and N bins. Here, M represents the number of
bins divided with respect to hue and N represents the number of bins with respect to the
saturation value. The total number of pixels for each bin is gathered and calculated, and
then divided by the total number of pixels occupied in the tracked region to normalize the
color histogram.

(a) (b)

Figure F.1: a) a tracking object; b) the 2D hue-saturation histogram.
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An example of a 2D H-S histogram of a person is shown in Figure F.1. This H-S histogram
is represented by an image that contains 2D H-S coordinates and is divided into M × N
grids, namely bins. In the example in Figure F.1, the number of both M and N equal 20,
and the range of both hue and saturation is (0, 255). The probability of the person having
the corresponding hue and saturation value is indicated by the intensity of each grid. A
higher intensity is associated with a higher probability and vice versa.

A sample code for a 2D histogram of a rectangular tracking area is shown below. The code,
trackwin is a pre-defined data structure containing information such as height, width, and
location of the rectangle tracking area. V ariablehist[ ][ ] is used to store the number of
pixels in each bin and the size of the 2D array is equal to M × N . In the beginning, the
function cvSetImageROI() is used to locate the region of interest in hue and saturation
dimensions. Then, a nested loop is used to go through every pixel in the ROI. For each pixel
in this region, function cvGet2D() is used to query its hue and saturation value. Then the
value is divided by the number of bins in the corresponding dimension to calculate which
bin it falls into. After getting the index of a bin, the total number of pixels in that bin is
increased by one. After this calculation is done to all of the pixels, another nested loop is
used to normalize the color histogram. During this process, the value of each bin is divided
by the total number of pixels inside the ROI. This sample code shows the basic idea for
constructing a 2D H-S color histogram of an image region.
// e s t a b l i s h 2D hue and sa tu ra t i on his togram of a sample
cvSetImageROI ( hue , trackwin ) ;
cvSetImageROI ( sat , trackwin ) ;

for ( i = 0 ; i < BIN ; i++)
for ( j = 0 ; j < BIN ; j++)

h i s t [ i ] [ j ] = 0 . 0 ;

for ( i = 0 ; i < trackwin . he ight ; i++)
{
for ( j = 0 ; j < trackwin . width ; j++)
{

im_hue = cvGet2D(hue , i , j ) ;
im_sat = cvGet2D( sat , i , j ) ;
k = int ( im_hue . va l [ 0 ] / M) ;
h = int ( im_sat . va l [ 0 ] / N) ;
h i s t [ k ] [ h ] = h i s t [ k ] [ h ] + 1 . 0 ;

}
}

for ( i = 0 ; i < BIN ; i++)
{
for ( j = 0 ; j < BIN ; j++)
{
h i s t [ i ] [ j ] = h i s t [ i ] [ j ] / ( trackwin . he ight ∗ trackwin . width ) ;
}

}
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Appendix G

Spin Image Generation and
Implementation Code

As shown in Chapter 4, spin image is chosen as the feature for object tracking. A brief
overview is given here. In [63], Johnson et al. introduced a useful representation for surface
matching, named spin image. Their approach for matching the complete surface was based
on matching individual surface points. In other words, when many points from the two
surfaces are similar, the two surfaces are considered to be similar. In this way, the problem
of surface matching can be broken into matching points, which is the key idea behind
spin image. To summarize, the spin image representation includes a set of descriptive
images created from the oriented points on the surface of an object. The set of images are
constructed by creating a pose-invariant 2D coordinate system at an oriented point, which
is a 3D point with normal vectors on the surface, and an accumulation of coordinates (α, β)
of other points in a 2-D histogram, called a spin image (Figure G.1).

As shown in Figure G.1, an oriented point p = (p, n) is created at a vertex in a surface
mesh. The oriented point p consists of the 3D position of the vertex and the direction of
the oriented point, represented by the normal vector at the vertex. The tangent plane P
through p is created perpendicular to the normal vector N. The line L is created through
p and parallel to N. The two coordinates are α, which is the perpendicular distance from
another vertex to the normal vector line L, and β which is the signed perpendicular distance
to the plane P. Using an oriented point basis p, we can define a spin image as the mapping
that projects 3D points Q to the 2D coordinates of a particular basis (p, n) using Equation
(G.1). Although α cannot be negative, β can be both positive and negative.

(α, β) = (
√
||x− p|| − n · (x− p)2, n · (x− p)) (G.1)

Several parameters can be adjusted when generating spin images, such as: support angle,
bin size, image width, and support distance. These parameters have an impact on the spin
image generation, and are explained in the following.

Support angle is a parameter used to choose which vertices in the surface mesh can be
presented in the spin image. It is defined as the maximum angle between the normal of
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Figure G.1: A visualization of spin image coordinates and generation.

the oriented point ( ~xa, ~na) and the normal of another point (~xb, ~nb) that is allowed to be
presented in the generated spin image. In the proposed implementation, Equation G.2
is used to compute the angle that is checked for every point, given its position b and
its normal ~nb. If the angle calculated using this equation is smaller than the predefined
threshold (support angle), then the point will be used; otherwise, the point will be ignored
when generating the spin image.

φ = arccos ( ~na · ~nb
‖ ~na‖ · ‖ ~nb‖

) (G.2)

According to Johnson [63], support angle is pre-defined to limit the effect of self-occlusion
and clutter during this process. The key idea behind this parameter is to avoid using points
that cannot be seen from the same view. If these points are calculated during the spin image
generation, it has the probability to worsen the matching between spin images generated
from points on the same object. A predefined value set between 60 and 90 degrees was used
in [63].

Bin size describes the storage size of the bins in the spin map, which has an impact on
the descriptiveness of the generated spin images. Bin size is set as a multiple of the mesh
resolution, which is the mean distance between every two vertices that are connected by
edges in the surface mesh. Setting the bin size to be one or two times the mesh resolution
has been shown to describe the global geometric shape appropriately, while still blurring
the position of distinct points sufficiently.

Image width a parameter describing the resolution of a generated spin image. Image width
is defined as the number of rows/columns in a quadratic spin image. Although spin images
can vary in having a different number of rows and columns, they are usually chosen to be
equal for the sake of simplicity. Thus, the generated spin images are quadratic with a size
that can be described by only one parameter. As stated by Johnson [51], image widths
between 10 and 20 give the best results. In this work, an image width of 20 was chosen.

Support distance is another important parameter contributing to the robustness of the
generated spin image against clutter. Support distance is defined as the product of bin size
and image width. It determines the amount of space swept out by a spin image. For a
fixed bin size, when the value of the image width decreases, the support distance decreases,
leading to a decreased volume being swept out by the spin images. When varying the
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image width, generated spin images gradually vary from global representations to local
representations. More details of these parameters can be found in [63].

The C++ code shown below is used for spin image generation, where the name of the key
variables, represented in the form of vectors, in the implementation are shown in Figure G.2.

Figure G.2: The vector used in spin image generation

void ca l cu la teSp in Image ( int SpinWidth , int imgW,
int px , int py ,
int width , int height ,
vector<VertexNode>& ad j l i s t ,
f loat spinMap [ ] [ imgW] ) {

int b i n s i z e = SpinWidth / imgW;

int fx = 365 , fy = 365 , cx = 255 , cy = 205 ;
f loat X1 , Y1 , Z1 , X2 , Y2 , Z2 ;

Z1 = depthData [ py ∗ 512 + px ] ;
X1 = Z1∗( px − cx ) / fx ;
Y1 = Z1∗( py − cy ) / fy ;

Vec3d cente r = Vec3d (X1 , Y1 , Z1 ) ;
Vec3d normal = Vec3d (0 , 0 , 0 ) ;

// c a l c u l a t e su r f a c e normal f o r each v e r t e x
normal = ca l cu la teSur faceNormal (px , py , X1 , Y1 , Z1 , c en t e r ) ;

// accumulate po in t s in sp in map
for ( int i = 0 ; i < he ight ; i++){
for ( int j = 0 ; j < width ; j++){
int indexBox = width∗ i + j ;
int indexFrame = width ∗( i + track_win . y ) + ( j + track_win . x ) ;
i f ( a d j l i s t [ indexBox ] . v = true ){
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int c o l = j ; int row = i ;

Z2 = depthData [ indexFrame ] ;
X2 = Z2∗( c o l − cx ) / fx ;
Y2 = Z2∗( row − cy ) / fy ;

Vec3d candidate = Vec3d (X2 , Y2 , Z2 ) ;

//x y are the coord ina te in sp in image
Vec3d d i s t anc e = Vec3d ( candidate − cente r ) ;
Vec3d normalPart = Vec3d ( normal ∗( normal . dot ( d i s t anc e ) ) ) ;
Vec3d orthoPart = Vec3d ( candidate − ( c en t e r + normalPart ) ) ;

double x = norm( orthoPart ) / b i n s i z e ;
double y = norm( normalPart ) / b i n s i z e / 2 . 0 ;

i f ( ( normal . dot ( d i s t ance ) ) < 0) y ∗= −1.0;
y += (double )imgW / 2 . 0 ;

//now in s r ea s e va lue by l i n e a r i n t e r p o l a t i o n
i f ( x < imgW − 1 && y < imgW − 1 && x > 0 && y > 0){
// the va l u e s need to be d i s c r e t i z e d f p r p i x e l acces s
int i = f l o o r ( y ) ;
int j = f l o o r ( x ) ;

// we i gh t s f o r b i l i n e a r i n t e r p o l a t i o n
f loat a = y − row ;
f loat b = x − c o l ;

// f i n a l l y update the sp in map va lue
spinMap [ i ] [ j ] += (1 . 0 f − a )∗ ( 1 . 0 f − b ) ;
spinMap [ i + 1 ] [ j ] += ( a )∗ ( 1 . 0 f − b ) ;
spinMap [ i ] [ j + 1 ] += (1 . 0 f − a )∗b ;
spinMap [ i + 1 ] [ j + 1 ] += a∗b ;

}
}

}
}

}
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Appendix H

Introduction of Algorithms used in
the Tracking Framework and
Implementation Code

1. Dijkstra’s algorithm

In 1959, Edsger Dijkstra proposed a greedy algorithm to solve the single-source shortest
path problem. Dijkstra’s algorithm is a classical algorithm used to find the shortest paths
between nodes in a graph. The algorithm has different versions from the original, which
are used to calculate the shortest path between one single node to another. A commonly
used version sets a single node as the source node, and calculates the shortest paths from
this source node to every other node in the graph.

Algorithm 4 Dijkstra algorithm calculating the shortest path between one single node to
every other node in the graph
Input: A graph G and a source vertex s of G
Output: All vertices reachable from s and the shortest distance to the source node s

1: Initially S = s and d(s) = 0, where S is the set of explored nodes in the graph, R is the set of
unexplored nodes. For each node u ε S, a distance d(u)is stored by the algorithm.

2: While R 6= {}
3: Sample points propagated
4: Select a node vεR with at least one edge from S for which d′(v) = mine=(u,v):uεSd(u) + le is as

small as possible
5: Extract v from R to S; store d(v) = d′(v)
6: EndWhile
7: return S

An explanation of this algorithm is proposed below. Given a graph G = (V,E), V is the
set of vertices and E is the set of edge in this graph. Each edge e has a length le ≥ 0. Let
the node s be the start and be called the initial node. Let the distance of node d(u be the
distance from the initial node s to u. The algorithm maintains a set S of vertices u where
each node is determined with a shortest path distance d(u) from s. Initially S = s and
d(s) = 0. Dijkstra’s algorithm assign initial distance values for all the nodes as d(u) = ∞
and tries to improve them step by step. For each node in the other set R where R ε V −S,
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the shortest path is constructed by travelling along a path through the explored part S to
some u ε S, followed by the single edge (u, v). In other words, during each iterated step,
the quantity d′(v) = mine=(u,v):uεSd(u) + le is considered, and the node v ε R, for which the
quantity is minimized is chosen to be included in S. This step is repeated until all nodes
are included in S.

To get a better understanding of the principle, refer to Figure H.1. At the point where
the picture is presented, two iterations have already been performed, where the first added
node is u and the second added node is v. In the iteration that is about to be performed,
the node x is going to be added since it yields the smallest value of d′(v). Based on the
edge (u, x), we have d′(x) = d(u) + lux = 2. An example of C++ implementation is also
provided below.

struct VertexNode {
int ver tex ; // v e r t e x p o s i t i o n in RGB−D frame
int ind ; // v e r t e x index in bounding box
bool v ; // de f i n e whether i t b e l ong s to the background
ArcNode ∗ f i r s t a r c ;

} ;
struct ArcNode {

int adjvex ; // ad jacen t v e r t e x
int weight ; // weigh t ( l e n g t h ) o f the edge
ArcNode ∗next ;

} ;

void ShortestPath ( vector<VertexNode>& ad j l i s t ,
vector<int>& di s t ,
vector<int> &Path ,
vector<bool> &v i s i t e d ,
int width ,
int he ight ){

for ( int i = 0 ; i < width∗ he ight ; i++){
d i s t [ i ] = INT_MAX;
Path [ i ] = −1;
v i s i t e d [ i ] = fa l se ;

}

// s t a r t po in t v
int v = humanStart ;
d i s t [ v ] = 0 ;

queue <VertexNode > q ;
q . push ( a d j l i s t [ v ] ) ;

while ( ! q . empty ( ) ) {
VertexNode cd = q . f r on t ( ) ;
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q . pop ( ) ;

int u = cd . ind ;

i f ( v i s i t e d [ u ] | | a d j l i s t [ u ] . v == fa l se ) continue ;

v i s i t e d [ u ] = true ;

ArcNode ∗p = a d j l i s t [ u ] . f i r s t a r c ;

while (p != NULL){
int v = p−>adjvex ;

i f ( ! v i s i t e d [ v ] && d i s t [ v ] > d i s t [ u ] + p−>weight ){
d i s t [ v ] = d i s t [ u ] + p−>weight ;

Path [ v ] = u ;
q . push ( a d j l i s t [ v ] ) ;
}

p = p−>next ;
}

}

}

Figure H.1: A snapshot of the execution of Dijkstra’s Algorithm. The next node to be
added to s is x.
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2. Depth First Search Algorithm

The depth-first search (DFS) algorithm was investigated in the 19th century by French
mathematician Charles Pierre Tremaux as a strategy for solving mazes. DFS is an algorithm
used for traversing a graph or tree data structure. Starting from a node selected as the root
in the graph, the algorithm explores along each branch until reaching a "dead end", a node
for which all its neighboring nodes have been explored. The algorithm then backtracks until
finding a node with an unexplored neighbor, and then resumes from there. Here, backtrack
means that when moving forward and no more nodes can be found along the current path,
you move backwards on the same path to find nodes to traverse. The algorithm is named
"depth-first search" since it explores the graph G by going as deeply as possible, and only
retreating when necessary. This algorithm can be implemented recursively using stacks S,
as shown below:

Algorithm 5 DFS
Input: A graph G and a vertex u of G
Output: All vertices reachable from u labeled as discovered

1: label u as discovered
2: For each edge (u,v) incident to u
3: if vertex v is not marked "explored" then
4: recursively call DFS(G,v)
5: Endif
6: Enfor

Figure H.2 shows an example of constructing a DFS tree rooted at node 1 for the graph in
Figure H.2 (a). The execution of the DFS begins by building a path on nodes 1, 2, 3, 5, 4.
The execution meets a dead end at 4, since no new nodes are available. So, it backtracks
to node 5, and finds node 6 and again, no new node is available. It then backtracks to node
3 and finds node 7. At this point, no new nodes are available in the connected component,
so all of the pending recursive calls of DFS terminate one by one and the execution then
comes to an end. The C++ code for the software implementation is shown below.
void DFS( int v , int s i z e [ ] , bool v i s i t e d [ ] , bool calOrNot [ ] )
{

calOrNot [ v ] = true ;
s i z e [0]++;
v i s i t e d [ v ] = true ;
ArcNode ∗p = a d j l i s t [ v ] . f i r s t a r c ;

while (p)
{

int j = p−>adjvex ;

i f ( ! v i s i t e d [ j ] )
DFS( j , s i z e , v i s i t e d , calOrNot ) ;

p = p−>next ;
}

}
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Figure H.2: The construction of a depth-first search tree for the graph shown in (a), with
(b) through (g) depicting the nodes as they are discovered in sequence.
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